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Abstract

Personalized recommendation has become one of the most pervasive AI applications on the
internet, powering user experiences across e-commerce, social media, and entertainment
platforms. Deep Learning Recommendation Models (DLRMs) form the algorithmic
backbone of these systems, combining dense and sparse features to deliver accurate
personalization at scale. These models are deployed massively across datacenters using
CPUs and GPUs, accounting for a major share of all AI inference cycles and driving
core revenue for hyperscalers like Meta and Google. However, the rapid growth in model
complexity, with trillions of parameters and thousands of embedding tables, has amplified
the compute, memory, and latency challenges of inference. Since recommendation is a
user-interactive application, inference must meet stringent service-level agreement (SLA)
requirements, motivating the need for architectures that can deliver high throughput and
low latency.

The objective of this dissertation is to improve the performance of DNN-based
recommendation systems using architectural optimizations across CPUs, GPUs, and
heterogeneous CPU–GPU platforms. Specifically, the dissertation targets DLRM infer-
ence. On CPUs, our in-depth performance breakdown study across multiple DLRM
models and datasets, reveals that the embedding stage dominates end-to-end inference
time due to irregular memory accesses. To capture the diversity in access patterns,
production traces are categorized into datasets of varying hotness, and their behavior is
analyzed through cache profiling and reuse distance modeling. Based on these insights,
the dissertation proposes application-specific software prefetching to hide long access
latencies and application-aware HyperThreading to overlap computation and memory
operations, leading to improved core utilization on server-grade CPUs.

As DLRMs continue to scale in table count, pooling operations, and embedding
dimension, the work further explores alternative approaches for parallelization of the
embedding stage, introducing Table Threading (TT) and Hierarchical Threading (HT)
to parallelize individual batches across cores. These techniques result in significant
performance benefits. However, even with these approaches, the performance scaling
remains imperfect for heterogeneous datasets, where embedding tables vary widely
in size, reuse, and pooling operations. To overcome this imbalance, the dissertation
develops a load- and memory-level-parallelism (MLP)-aware scheduling framework, which
analytically models each table’s workload using reuse-distance–based metrics. This
enables intelligent categorization and scheduling of tables across threads. By incorporating
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table reordering, core grouping, strategic co-location, and lightweight work stealing, the
proposed design achieves lower-latency, improved utilization, and enhanced scalability on
modern many-core CPUs.

On GPUs, this dissertation examines the architectural inefficiencies of DLRM inference
under growing compute and memory-bandwidth demands. While GPUs offer massive
parallelism and high-bandwidth memory, detailed microarchitectural analysis of NVIDIA
A100 and H100 shows that the embedding stage continues to be the primary bottleneck
due to low occupancy and long memory stalls. To mitigate these issues, the work proposes
compiler-guided optimizations, software prefetching, and L2 cache pinning techniques
that improve warp utilization and hide latency through purely software-based means,
thus boosting overall embedding stage performance. Building on these insights, the
dissertation introduces HetT-HetD, a heterogeneous CPU–GPU execution framework
that challenges the one-device-fits-all paradigm by leveraging the inherent device and
table diversity in modern DLRMs. By mapping high-reuse, large-capacity tables to
CPUs and low-reuse, bandwidth-intensive tables to GPUs, and coordinating them via
asynchronous data movement and heuristic-driven scheduling, HetT-HetD leverages both
CPU and GPU performantly.

Overall, this dissertation advances the architectural understanding and system-level
optimization of large-scale DLRM inference, with a central emphasis on achieving
low-latency and high-efficiency recommendation serving. All proposed techniques are
realized entirely in software and require no modifications to existing hardware or publicly
distributed models, making them directly deployable in current datacenter environments.
By systematically improving CPU, GPU, and heterogeneous CPU–GPU execution, this
work establishes a new performance baseline for future research exploring hardware and
software co-designs aimed at further accelerating deep learning–based recommendation
systems.
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Chapter 1 |
Introduction

Recommendation systems have transformed how consumers find products among
a growing number of choices, specifically in areas such as e-commerce, media and
entertainment, and online advertising [5–10]. The market for recommendation systems
generates billions of dollars in revenue [11,12] and is expected to grow at a 36.3% rate
from 2024 to 2030 [13]. Deep learning recommendation models (DLRM) [14] enable
recommendation systems by working with continuous and categorical features, where
large amounts of data for these features are collected from many users and then accessed
frequently when processing inference requests. These models have become one of the
largest consumers of datacenter inference cycles, accounting for nearly 80% of AI serving
workloads [2,15], and driving the core revenue for technology giants such as Meta [16]
and Google [17].

DLRMs consist mainly of four stages: bottom multi-layer perceptron (MLP), em-
bedding lookup, feature interaction, and top MLP. Out of these, the embedding stage
is known to be the most memory-intensive stage that dominates the overall execution
time [2,15]. Due to the high computational and memory bandwidth needs of DLRMs [18],
both CPUs and GPUs are used for hosting such workloads. Performing a characteriza-
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tion study running recent recommendation models/datasets, our study highlights the
dominance of embedding stage in the end-to-end inference execution. Figure 1.1 shows
that the embedding stage constitutes a significant amount of execution time for different
recommendation models.

1.1 Background

1.1.1 DLRM Inference

Multiple steps are involved in an end-to-end DLRM inference. First, the recommendation
model, which determines the memory and computation footprints, is loaded into DRAM
once. When input queries come, the system chunks queries into batches and prepares
dense and sparse feature as inputs to the DLRM. During inference, the computation
processes the input batches and produces the prediction. Typically, predictions are
user-facing and must be done in near real-time. Consequently, these prediction tasks are
administered under Service Level Agreements (SLAs) for guaranteeing QoS requirements
for the end-user [19], [20], [21], [22], [23], [24].
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Figure 1.2 shows a generic DLRM architecture consisting of four stages: bottom MLP,
embedding lookup, feature interaction, and top MLP. These models use two types of
input features– dense features and sparse features. Dense features represent continuous
values, such as a user age or a product’s price, whereas sparse features are ones with
a categorical, non-continuous values, such as the product id or the genre of the movie.
During inference, first, the dense features are fed to the bottom MLP, while the sparse
features are converted to a "dense latent representation" through the Embedding Lookup
Stage. In the embedding lookup stage, the value of each sparse feature is used as an
index to lookup a large embedding table that holds semantically meaningful embedding
vectors for each value in each row. The outputs of the bottom MLP and the embedding
table go through the feature interaction layer to calculate the interactions, and goes
through the top MLP which predicts the click-through rate (CTR) [2,25].

In general, embedding stages are "memory-intensive", while others are "compute-
intensive" [2, 19, 26]. However, the overall system characteristics depend significantly on
the hyperparameters of each stage (e.g., Bottom/Top-MLP’s width and depth, embedding
tables’ row size, vector dimension, and the number of tables). For example, [2,15] showed
that real-world production models can be bottlenecked by either the embedding lookup
stage or MLP stage, along with widely varying model sizes.

1.1.2 Memory Accesses in the Embedding Stage on CPU

Algorithm 1: Simplified Memory access loop in the embedding stage in CPU.
for i in 0 ... num_batches do

for j in 0 ... num_tables do
for k in 0 ... batch_size do

for l in 0 ... lookup_per_sample do
for m in 0 ... embedding_dim do

vec.ld accm;
vec.ld row_block;
vec.add accm, accm, row_block;
vec.st accm;

As multiple parameters are involved in the embedding stage, it is important to
understand the impact of each and its interaction with others, especially as we examine
software approaches later on to address the memory bottleneck. Algorithm 1 shows the
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Algorithm 2: Main indirect memory access loop in the embedding_bag
operator.

for i← start to end do
output_ptr ← &output[i * ddim]
zero_ker(output_ptr, ddim);
for s← offsets[i] to offsets[i+1] do

row_ptr ← &table[indices[s] * ddim]
add_ker(output_ptr, row_ptr, ddim);

Figure 1.3: Illustration on the working of the embedding_bag operator for one sample
(assume BS means batch size, embedding_dim = 128, and lookups per sample as 120).
Three levels of indirection are involved.

simplified memory access loop for an input query. A query generates multiple batches to
execute. Each batch is comprised of many samples and each sample is associated with a
number of lookups. The model decides the number of tables and embedding dimensions.

A sample may perform multiple lookups to each table. Multiple lookups are aggregated
(e.g., summed up and stored in the accm row vector). This is accelerated on the CPU by
using the SIMD/AVX vector operations in the order: of load, add, and store. As the size
of the embedding (embedding_dim) is usually not very large (4–8 cachelines), the spatial
locality the load exhibits is very low.

We investigate the irregularity associated with the lookup by presenting the working
of PyTorch’s embedding_bag operator, which is a representative implementation for
embedding table lookup used in [25]. Algorithm 2 shows the core memory access loop
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in the embedding_bag operator. To better understand the memory access behavior,
Figure 1.3 gives an example to illustrate the steps and operations involved in Algorithm 2.
The embedding_bag operator takes an input offset & index arrays for a batch and works
on one table. The implementation involves the following four steps: (i) The sample
dictates the access to the offset array to find the range defined by start and end values; (ii)
In this range, the index array is accessed to obtain an index. These indices correspond to
item ids; (iii) The index is used to look up the embedding table to output an embedding
row vector; and (iv) The embedding row vectors are accumulated to form the result
output embedding. The three-level indirections (shown in Figure 1.3), which are carried
out in loading the embedding row vector, can result in highly irregular memory accesses.

1.1.3 Memory Accesses in the Embedding Stage on GPU

Algorithm 3 highlights the high-level working of the embedding stage on GPU. As
mentioned earlier, arriving queries create “batches", where each batch is expected to meet
the SLA target. For each table, the batch contains a batch size (BS) number of samples,
and each sample involves a pooling factor (or lookups per sample) amount of work over
the embedding vectors of length equal to the embedding dimension (ED). At the core,
each sample does a gather (load) and reduce (accumulation) operation. The amount of
data processed in each table can be calculated as (BS) × (average lookups per sample)
× (ED) × (precision). For example, for our chosen configuration, the amount of data
processed per table is 2048 × 150 × 128 × 4B = 150 MB. Consequently, the complete
embedding stage processes 37.5 GB of data. With the inference running on a GPU, the
gather-reduce operations are executed in a Single-Instruction-Multiple-Threads (SIMT)
manner, thus exploiting parallelism.

Algorithm 3: Simplified memory access loop for the embedding stage on GPU.
for v in 0 ... num_batches do

for w in 0 ... num_tables do
for x in 0 ... batch_size do

for y in 0 ... lookups_per_sample do
SIMT load accm on register;
for z in 0 ... embedding_dim do

SIMT load row_block on register;
SIMT add accm, row_block;

SIMT store accm to memory;
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begin = offsets[bag];
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Figure 1.4: Parallel implementation of embedding stage by work partitioning across
CUDA threads. Here, 1000s of CUDA threads independently work on one output matrix
element.

To better understand the incorporated parallelism, Figure 1.4 breaks down the em-
bedding stage execution into three parts. First, for any number of embedding tables
to be completed by one GPU, they are processed sequentially. Second, the embedding
bag operator is used to process a table (using PyTorch’s backend CUDA kernel "Embed-
dingBag_updateOutputKernel_sum_mean" [27]), which generates an output matrix of
dimension (BS) × (ED). Intuitively, we can visualize that, within a batch, each sample
and each embedding element is independent of the other. Thus, a CUDA thread works
on each embedding element. In this off-the-shelf kernel, we note a static execution launch
configuration with a grid size of (1024,1,1) and a block size of (32,8,1). This results in a
large number of CUDA threads, and thus, fully uses all the SMs provided in the latest
GPUs (e.g., the 108 SMs in A100). Warps are automatically formed in the GPU by
combining adjacent CUDA threads. For example, with an embedding dimension of 128,
4 warps are formed to process a sample. Third, Algorithm in Figure 1.4 highlights the
work within a thread which encapsulates a “number of lookups" amount of gather-reduce
operations (thus each thread partially completes the two innermost loops in Algorithm 3).
Fundamentally, the gather is similar to a pointer-chasing operation as we access a series
of arrays to complete it (the offset array, followed by the indices array, followed by
the embedding table). Thus, this operation results in the irregular loads which have a
significant impact on (and causes variation in) the performance of the embedding stage.
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1.1.4 Key Challenges

The pursuit of higher accuracy in modern recommendation systems has led to unprece-
dented model growth and complexity. The latest models now comprise trillions of
parameters, hundreds to thousands of embedding tables of varying sizes, and many
pooling operations that capture extensive user interaction histories. This expansion
has intensified three fundamental challenges: model capacity, as the vast parameter
space demands enormous memory and storage; memory irregularity, due to presence of
varying degree of reuse patterns which can be highly sparse; and computation demand,
driven by large pooling sizes and increasingly deeper and wider MLP layers. Addressing
these challenges requires substantial capital expenditure, as industry leaders like Meta,
Google, NVIDIA, and AMD continue to develop new accelerator generations—MTIA [28],
TPU [29], Hopper [30], Blackwell [31], and MI300 [32]—to keep pace. These trends
naturally raise a central question: can existing hardware architectures effectively sustain
the growing performance, memory, and efficiency demands of next-generation DLRMs?

1.1.5 Dissertation Contributions:

Contribution-I: Optimizing CPU Performance for Recommendation Systems
At-Scale - We first analyze the performance breakdown for various DLRMs and show
that the embedding stage is the most significant contributor in the end to end execution
time. Next, to capture the diversity in the embedding access patterns, we categorize
the production traces [33] into different datasets based on their hotness. Over these
hotness, we examine the perform implications in terms of execution time and hardware
profiling, including cache hit rates and average load latency. Further, we study the locality
behavior using an access count distribution study and an analytical model based reuse
distance study. To maximize the CPU utilization, we conduct a multi-core scalability
study to understand how performance scales and how bandwidth is consumed across
various datasets and core counts. Given the presence of large reuse distances and cold
misses, we propose to design an application-specific software prefetching to hide the long
access latencies, application-aware HyperThreading to overlap computation with memory
accesses, and combination of them. Finally, we implement and evaluate our proposals on
server-grade CPUs.

Contribution-II: Parallelization of Embedding Stage on CPUs - As the
embedding stage is quickly evolving with an increasing number of tables, larger embedding
dimensions and dataset sizes, assigning each batch to a separate core may hinder the
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ability to meet user-facing latency targets. To address this challenge, we propose
parallelizing a single batch across multiple cores. We evaluate the multi-core scaling
of state-of-the-art parallelization technique called Batch Threading (BT) and observe
limited scaling. Next, we analyze Meta’s DLRM production traces which we label as
Heterogeneous Datasets, and observe several non-uniformities across tables including
execution latency, row sizes, pooling factors, and memory access patterns. To resolve the
limited scaling of BT, we propose to design two new parallelization techniques: Table
Threading (TT) and Hierarchical Threading (HT). Finally, we implement and evaluate
our proposals on server-grade AMD EPYC™ “Genoa” CPU.

Contribution-III: Balance: Load and MLP-Aware Thread Orchestration for
Recommendation Systems Inference on CPUs - Despite Hierarchical Threading
(HT) achieving significant performance benefit over Batch Threading (BT) and Table
Threading (TT), we note that the multi-core scaling is imperfect over heterogeneous
datasets. To understand the limited scaling, we note that HT uniformly maps tables
to the work queues which can lead to imbalanced load distribution across threads. We
propose to develop a reuse distance based analytical to predict the amount of work (Time
Value or TV) of each table, thus able to categorize the tables based on the load contained.
Further, we observe that HT over-provisions the cores assigned per table. To resolve the
limited scaling of HT, we propose a Load and MLP-aware Thread Scheduling, where we
modify the threadpool implementation of HT, and add the features of table reordering,
small number of work queues, low core grouping, strategic table co-location, and work
stealing. Finally, server-grade AMD EPYC™ “Genoa” CPU is used for evaluation.

Contribution-IV: Pushing the Performance Envelope of DNN-based Rec-
ommendation Systems Inference on GPUs - With the ever-increasing compute
and memory-bandwidth requirements of DLRMs, it is increasingly being preferred to
execute them on GPUs [28,34] due to their efficient parallel processing capabilities and
HBM support. However, with growing model and dataset sizes, efficient utilization of
GPUs for improving the performance of inference applications, as will be shown in the
dissertation, is insufficiently investigated. We show that the embedding stage continues
to be the primary bottleneck even in the GPU inference pipeline. To thoroughly grasp
the problem, we conduct a detailed microarchitecture characterization and highlight the
presence of low occupancy in the standard embedding kernels. By leveraging direct com-
piler optimizations, we achieve optimal occupancy, pushing the performance significantly.
Yet, long memory latency stalls continue to exist. To tackle this challenge, we propose
specialized plug-and-play-based software prefetching and L2 pinning techniques, which
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help in hiding and decreasing the latencies. Further, we propose combining them, as
they complement each other. Finally, we implement and evaluate our proposals on a
server-grade Nvidia A100 and H100 GPU.

Contribution-V: HetT-HetD: Embracing Heterogeneity in Embedding
Tables and Devices for Performant Recommendation Systems - Modern
DLRMs exhibit diverse compute and memory behaviors, challenging the one-device-fits-
all paradigm. While non-embedding stages remain compute-bound and favor GPUs, the
memory-bound embedding stages vary in capacity and data reuse. CPUs are better
suited for high-reuse, large-capacity tables due to their rich cache and memory capacity,
whereas GPUs are ideal for low-reuse tables given their high-bandwidth memory. To
exploit these complementarities, we propose a concurrent CPU-GPU DLRM execution
that maximally leverages each device’s strengths. Our design aims to (1) efficiently utilize
CPU and GPU performance, (2) prevent GPU memory oversubscription, and (3) balance
workload across devices. We achieve these goals through asynchronous CPU-GPU data
movement and a heuristic-based scheduling policy for table-to-device mapping. Finally,
we implement and evaluate our proposals on a server-grade Zen4 CPU and H100 GPU.
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Chapter 2 |
Optimizing CPU Performance for
Recommendation Systems At-Scale

2.1 Introduction
Recommendation systems have made a profound impact in numerous domains such as
e-commerce [35–38], entertainment [39–41], and social networks [25], by providing
personalized suggestions for decision making to enhance the user experience. At the heart
of these systems lie Deep Learning Recommendation Model (DLRM) that incorporates
large feature sets gathered not just from one user, but across multiple users [25]. With
time, based on continuous usage, the corpus of features and data continue to get added
to refine the model to make it more accurate and precise. These models are, thus, very
memory/storage intensive, not only having large memory footprints but also requiring
frequent, periodic accesses to them when making a recommendation.

DLRMs consist mainly of four stages: bottom multi-layer perceptron (MLP), em-
bedding lookup, feature interaction, and top MLP. Out of these, the embedding stage
is known to be the most memory-intensive stage that dominates the overall execution
time [2,15]. Due to the high computational and memory bandwidth needs of DLRMs [18],
both CPUs and GPUs are used for hosting such workloads.

Traditionally, GPUs have been a popular choice for DLRM training since their
computational demands are much higher than inference [42]. On the other hand, CPU
has been a popular choice for inference [2,15,19,43]. Unlike training, inference cannot
use a very large batch size due to its tight latency requirement [2, 19], thus, making
the GPU less effective and thereby, positioning the CPU as an appealing economical
alternative [44–49]. As the growth of the memory requirement has been much higher
than the growth of the computational demands of the MLP layer [43], this trend is
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Figure 2.1: Execution time breakdown of different DLRMs.

expected to hold in the new generations of DLRM as well. Using recently released
recommendation models/data [50–53], we confirm that CPUs are still a reasonable
platform for newer,next-generation DLRMs.

Performing an extensive characterization study running recent recommendation
models/datasets on CPUs, our study reaffirms that the memory bottleneck continues
to plague the CPU execution. Figure 2.1 shows that the embedding stage constitutes a
significant amount of execution time for different recommendation models (detailed later
in Section 5.2). We observe that in the embedding lookup stage, accesses to (sampled)
rows of several tables have very large (or even infinite – denoting cold misses) reuse
distances, making on-chip caches employing LRU or its variants woefully inadequate to
store these working sets. To the best of our knowledge, this is the first study to conduct
a detailed memory characterization of these newer recommendation models and data
running on a CPU, to show their reuse behavior and point to the cold/capacity misses
arising consequently.

Many prior works have observed similar problems and have tried to address them
by boosting memory bandwidth [54, 55] and/or using Processing-In-Memory/Storage
mechanisms [56–59]. However, all these approaches require a substantial (r)evolution
in the hardware, which may (if at all) take considerable time to commercialize and
make the system difficult to adapt to the rapid change of model design. Instead, in this
paper, we explore lower cost/design options that can be instantly leveraged by asking the
following question: Can we employ simple software techniques on top of existing hardware
to reduce/hide the memory bottleneck, in both an application- and architecture-aware
fashion?
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We examine two broad strategies to mitigate the impact of this behavior that can be
implemented in software: (1) Prefetching to reduce cache misses, and (ii) Multi (Hyper-
)threading to hide the consequences of such misses. While prefetchers can potentially
reduce/hide large reuse distance misses and cold misses, traditional hardware- or compiler-
based prefetching is inefficient because of the irregular nature of embedding table accesses
that show extremely low temporal/spatial locality. Instead, we couple the software doing
the sampling with the initiation of corresponding prefetches in the application code to
perform the exact prefetch of only the necessary indices. We show that with such an
approach we can cut down the miss rate up to 26.8%, which speeds up the embedded
lookup stage up to 47% and eventually, the overall inference process up to 46%.

Despite our best efforts, there are bound to be misses even after prefetching. To hide
the effects of such misses, we leverage the fact that the bottom MLP and the embedding
lookup stage are two independent stages that are compute-bound and memory-bound,
respectively. As they can run independently, we run these two threads in each physical core
in parallel (i.e., hyperthreading), to better utilize the datapath resources while the other
thread is stalling for memory. We find that colocating the bottom MLP and the embedding
stage in each core can improve inference performance by 37% independently, and can
provide a synergistic 1.59x additional improvement when combined with prefetching. To
the best of our knowledge, these two ideas (application-initiated software prefetching and
hyperthreading based on application knowledge) have not been previously proposed for
DLRM inferences.

Using the recently-developed DLRMs [25, 50, 52, 53] and production traces from
Meta [60], and the state-of-the-art server CPU platforms, this paper makes the following
contributions:

• We show that off-chip accesses and memory bandwidth continue to be serious
bottlenecks in CPU executions of the current and future recommendation models.
We also show that the causes are in the large reuse distances (and even cold misses)
during the embedding stage which samples and accesses random rows of several
tables.

• Without using new technologies and hardware changes, this paper proposes two
software-based techniques – prefetching and hyperthreading – on existing hardware
to deal with this bottleneck. We tailor both well-known hardware mechanisms
in a specific way tailored to DLRM. We initiate software prefetches based on
lookup selection, and colocate two independent threads with very different resource
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requirements on the same physical core for effective hyperthreading.

• We present a thorough evaluation of the proposed two techniques. Individually,
our software prefetching and hyperthreading proposals provide up to 47% and 37%
inference time improvements. Further, when combined together, they provide up
to a 59% synergistic improvement.

2.2 Background and Motivation
In this section, we provide a brief background on modern recommendation models,
analyze the irregularity in the time-consuming embedding stage, and discuss the related
works and our novelty.

2.2.1 DLRM Inference

Multiple steps are involved in an end-to-end DLRM inference. First, the recommendation
model, which determines the memory and computation footprints, is loaded into DRAM
once. When input queries come, the system chunks queries into batches and prepares
dense and sparse features as inputs to the DLRM. During inference, the computation
processes the input batches and produces the prediction. Typically, predictions are
user-facing and must be done in near real-time. Consequently, these prediction tasks are
administered under Service Level Agreements (SLAs) for guaranteeing QoS requirements
for the end-user [19–24]. Some common SLA targets (as seen in [2]) are shown in Table
2.1.

Figure 2.2 shows a generic DLRM architecture consisting of four stages: bottom MLP,
embedding lookup, feature interaction, and top MLP. These models use two types of
input features– dense features and sparse features. Dense features represent continuous
values, such as a user’s age or a product’s price, whereas sparse features are ones with
a categorical, non-continuous values, such as the product id or the genre of the movie.
During inference, first, the dense features are fed to the bottom MLP, while the sparse
features are converted to a "dense latent representation" through the Embedding Lookup
Stage. In the embedding lookup stage, the value of each sparse feature is used as an
index to lookup a large embedding table that holds semantically meaningful embedding
vectors for each value in each row. The outputs of the bottom MLP and the embedding
table go through the feature interaction layer to calculate the interactions, and goes
through the top MLP which predicts the click-through rate (CTR) [2,25].
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Figure 2.2: A generic DLRM architecture.
Model Class Execution Bottleneck Model Size SLA Target
RMC1 Embedding ≈ 60% Small 100ms
RMC2 Embedding ≈ 90% Large 400ms
RMC3 MLP ≈ 80% Medium 100ms

Table 2.1: Different model characteristics from [2].

In general, embedding stages are "memory-intensive", while others are "compute-
intensive" [2, 19, 26]. However, the overall system characteristics depend significantly on
the hyperparameters of each stage (e.g., Bottom/Top-MLP’s width and depth, embedding
tables’ row size, vector dimension, and the number of tables). For example, [2,15] showed
that real-world production models can be bottlenecked by either the embedding lookup
stage or MLP stage, along with widely varying model sizes (Table 2.1, Table 2.2).

2.2.2 Memory Accesses in the Embedding Stage

As multiple parameters are involved in the embedding stage, it is important to understand
the impact of each and its interaction with others, especially as we examine software
approaches later on to address the memory bottleneck. Algorithm 8 shows the simplified
memory access loop for an input query. A query generates multiple batches to execute.
Each batch is comprised of many samples and each sample is associated with a number
of lookups. The model decides the number of tables and embedding dimensions. A
sample may perform multiple lookups to each table. Multiple lookups are aggregated
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Algorithm 4: Simplified Memory access loop in the embedding stage in CPU.
for i in 0 ... num_batches do

for j in 0 ... num_tables do
for k in 0 ... batch_size do

for l in 0 ... lookup_per_sample do
for m in 0 ... embedding_dim do

vec.ld accm;
vec.ld row_block;
vec.add accm, accm, row_block;
vec.st accm;

Algorithm 5: Main indirect memory access loop in the embedding_bag
operator.

for i← start to end do
output_ptr ← &output[i * ddim]
zero_ker(output_ptr, ddim);
for s← offsets[i] to offsets[i+1] do

row_ptr ← &table[indices[s] * ddim]
add_ker(output_ptr, row_ptr, ddim);

Figure 2.3: Illustration on the working of the embedding_bag operator for one sample
(assume BS means batch size, embedding_dim = 128, and lookups per sample as 120).
Three levels of indirection are involved.
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(e.g., summed up and stored in the accm row vector). This is accelerated on the CPU by
using the SIMD/AVX vector operations in the order: of load, add, and store. As the size
of the embedding (embedding_dim) is usually not very large (4–8 cachelines), the spatial
locality the load exhibits is very low.

We investigate the irregularity associated with the lookup by presenting the working
of PyTorch’s embedding_bag operator, which is a representative implementation for
embedding table lookup used in [25]. Algorithm 5 shows the core memory access loop
in the embedding_bag operator. To better understand the memory access behavior,
Figure 2.3 gives an example to illustrate the steps and operations involved in Algorithm 5.
The embedding_bag operator takes an input offset & index arrays for a batch and works
on one table. The implementation involves the following four steps: (i) The sample
dictates the access to the offset array to find the range defined by start and end values; (ii)
In this range, the index array is accessed to obtain an index. These indices correspond to
item ids; (iii) The index is used to look up the embedding table to output an embedding
row vector; and (iv) The embedding row vectors are accumulated to form the result
output embedding. The three-level indirections (shown in Figure 2.3), which are carried
out in loading the embedding row vector, can result in highly irregular memory accesses.

2.2.3 Related Work

Comparison with Prior Inference Optimizations. [49,54,56,58,61] have proposed
near-memory processing, cache optimizations, and algorithmic approaches to improve
recommendation inference. They rely on the fact that a small fraction of embedding
entries contribute to a major fraction of accesses, exhibiting temporal reuse. However,
we show in Section 2.3.1.1 that temporal locality can be much worse for traces with
larger embeddings and low hotness, rendering these prior approaches less effective.
Further, many of the previous works modify the underlying hardware, thus, limiting
the practicality and generalizability of their approaches. Our techniques can easily be
embraced by present applications and CPUs, and can accelerate a wider range of traces
regardless of their hotness.
Prefetching Optimizations. [62, 63] provide state-of-the-art compiler pass for au-
tomating software prefetching for indirect memory accesses. These works target general
workloads and are not tailored to recommendation models, missing specific optimizations
that we found to be useful. For example, [63] lacks control over the prefetch amount,
which we found to be an important knob for optimization (Section 2.4.2). [64, 65] are
state-of-the-art hardware prefetching techniques for irregular accesses. Again, as they
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intend to cover a wide variety of workloads, they suffer from limited prefetch accuracy
compared to our tailored solution. Off-the-shelf-CPUs [66] employ simple hardware
prefetchers due to area/power constraints and target only next-line/stride accesses which
are insufficient for irregular accesses (Section 2.4.2).
Multithreading and Hyperthreading. [15] showed that naive adoption of hyper-
threading for DLRM can hurt the tail latency. Many other previous works [2, 15, 19,67]
dismissed hyperthreading for similar reasons. We show in this work that hyperthreading
can actually benefit DLRM workloads when designed in the right way. We also show how
it can be synergistically integrated with prefetching for additional performance benefits.
Recommendation Models. Many different models have been proposed by both
academia and industry for recommendation [25,36,38,39,68–70]. These models mostly
differ in how they calculate the interactions between different features and select important
features; however, they all still commonly use large embedding tables that pressure the
memory bandwidth heavily. We expect our proposed design to be applicable to many of
these different models, as our design works well for a wide range of table dimensions and
access patterns to ease the memory traffic and improve latency.

2.2.4 Our Novelty

We do not claim novelty in running DLRMs on CPUs. As several prior studies note [2,
15,19,43–49,71], CPUs are becoming increasingly competitive to take on these workloads
opportunistically in a datacenter with high GPU demand.

Prior published studies with DLRMs on CPUs/GPUs have used datasets/models
that are smaller and experienced more skewed access patterns. We explore larger models
with a wide range of access patterns, which revealed that the (temporal) data locality can
get much worse than what prior work assumed (Section 2.3.1.1). This in turn can make
some previously proposed techniques( [49, 54–56,58,61]) less effective. Instead, what we
show is that it is more important to either (i) reduce the latency for off-chip accesses due
to LLC misses (using prefetching) or (ii) tolerate the latency of off-chip accesses (using
multithreading), or (iii) possibly both, for these newer datasets.

Similarly, prefetching and hyperthreading are themselves not new and we do not claim
that we are first to use them for DLRMs – unpublished industrial production systems
might be already using them to a certain extent. However, there is no published research,
to our knowledge, that systematically studied how/when to prefetch or do multithreading
intelligently for DLRM workloads.

With respect to prefetching, we show that simply employing a state-of-the-art hard-
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Table 2.2: Model architecture parameters in our study.

ware or software prefetcher [62–66,72,73] does not work very well (Section 2.4.1). Instead,
leveraging application knowledge of when and how the embedding tables are accessed is im-
portant to initiate and fine-tune prefetches. As for hyperthreading, some prior works [15]
show this to be detrimental to DLRMs. In contrast, we show that DLRMs can benefit
from hyperthreading, if new threads are spawned and grouped together smartly (based
on application knowledge) for maximum effectiveness rather than letting the underlying
system do the job, which we have not seen in any prior study.

Finally, the two proposals complement each other, producing benefits better than the
sum of the parts, which is again a new observation. This is because prefetching helps in
freeing CPU pipeline resources, avoiding issues like full window stalls [74,75], thereby
allowing sibling thread to avail more resources.

2.3 Demystifying the memory access behavior and Multi-
core Scaling
Section II highlighted the scope of memory access irregularity originating from the
embedding stage. To better understand the architectural behavior of the embedding
stage, in this section we perform an in-depth analysis of how the performance of the
embedding stage is impacted by the newer datasets [60] and larger models [50–53] as well
as the newer CPU platforms used for execution. Though previous works [2,15,54,56,58,61]
highlighted the presence of memory irregularity problem, they were limited by smaller
models and skewed datasets. Specifically, we show that temporal locality worsens in
the newer application settings. We motivate why memory access irregularity is an
important problem in impacting performance, and develop a theoretical model to study
the issue with memory access patterns and memory hierarchy. Further, we do a multi-core
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Figure 2.4: RM2_1 embedding stage performance comparison across datasets. (a) Batch
latency (b) average load latency, and cache hit rates for L1D, L2, L3.
scalability and bandwidth study and share the key architectural insights.

2.3.1 Theoretical Analysis

To understand the issue of the embedding stage in more depth, we use VTune to perform
an empirical characterization of RM2_1 model. Figure 2.4 compares the performance of
the RM2_1 model for several metrics under various types of inputs. {High, Medium,
Low} Hot corresponds to the three chosen data traces from Meta [60] (more details in
5.5). We consider two synthetic inputs: {one-item, random} to capture the spectrum
of execution for the embedding stage. One item refers to the best case where all the
accesses only go to one embedding row in a table, and random refers to the worst case
where the rows are uniformly accessed. Figure 2.4(a) compares the batch latency across
datasets, and Figure 2.4(b) compares the average load latencies and cache hit rates for
L1D, L2, L3.

There is a heavy performance skew between one-item and other datasets. Memory
accesses of “one item" are very regular as only one embedding row vector is used for a
table. This would mean a minimal working set, thus the cache hit rates are maximized,
and the average load latency is almost the same as the L1D$ hit-latency. However, other
datasets access many embedding vectors (based on their hotness) in an indirect fashion,
resulting in a larger working set. Therefore, they suffer from irregularity which results in
a drop in the cache hit rates and an increase in the average load latency. Thus, from
Figure 2.4, we can say that the wide gap between one item and other datasets is because
of the irregular memory accesses.
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2.3.1.1 Access count study for different input loads

Earlier works [42, 54, 56] have highlighted that a power-law distribution is present in the
index accesses where a subset of rows are more frequently accessed than others. In other
words, some rows are more “hot" than others. The hotness in a given dataset can be
quantified by plotting a histogram of access counts. Figure 2.5 shows the hot embedding
behavior in the three production datasets. As depicted in Figure 2.5, the access count
distribution varies across the three as per the hotness exhibited in them. The hotness of
the dataset is important because it governs the working set size within a certain time
window. If a dataset is “high hot", most of the queries lookup the same row and result
in a small working set size, while a “low hot" dataset will behave otherwise.
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Figure 2.5: Hot embedding access count (sorted) in 3 datasets.

2.3.1.2 Reuse distance study

Given that rows are reused, it is still a question of how effective caches are in taking
advantage of this row reuse. It would be wrong to simply conclude that hot embedding
implies good temporal locality because at the time reuse occurs, other rows could already
have evicted the copy of the needed row. Thus, to quantify how effective caches are in
capturing the row reuse we are interested in, the following discussion investigates the
reuse distances observed in the execution of the embedding stage.

Qualitative discussion on row reuse: Fundamentally, the dataset implicitly
contains the repetition of the indices, which is a major contributor to the row reuse,
as earlier shown in Figure 2.5. Connecting the input dataset to the implementation of
DLRMs, one can find the reuse opportunities by carefully checking Algorithm I. The
maximum working set of a program is based on the memory footprint of the embedding
tables. Other reuse scenarios come from the program as it issues multiple loads for one
embedding table, which happens in various ways: across lookups within a sample, across
samples, and across batches. Also, when multiple cores are running inference, they could
share the memory footprint of one table. For example, the cold miss penalty for a load
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from one core could potentially help in a cache hit for other cores. To summarize, the
loops for num_batches, batch_size, and lookups_per_sample in Algorithm I offer data
reuse opportunities.

Quantitative discussion on row reuse: Since various parameters like input
dataset, DLRM embedding stage parameters, and execution design impact the data
reuse patterns, we propose a "model", which can capture these parameters to reflect on
"reuse distance" associated with the memory loads issued in the embedding lookup stage.
Figure 2.6 shows the high-level overview of our modeling scheme, which includes the
following components: (1) the index access trace is collected based on the input dataset,
embedding model parameters, number of cores, batch size, and number of batches. This
mimics the index access pattern observed in Algorithm I; (2) reuse distance bins are
generated on the input access trace based on the stack distance calculations [76] using the
indices accessed; (3) each of the indices corresponds to a memory load request for the full
embedding row vector. For a given cache capacity, we can model how many embedding
row vectors it can accommodate. For simplicity, we assume a fully-associativity cache.
For instance, for a 32KiB D$ and 128 as the embedding dimension (assume 32-bit floating
point precision), the D$ can store 64 embedding vectors. Thus, the cache capacities are
compared to the reuse distances to mark the corresponding hit rates observed. Figure 2.7
shows the reuse distances on the three datasets. The vertical lines mark the observed
cache hit rates. The yellow shape on the top right shows the fraction of misses observed
as cold misses. The thick red arrow indicates an interesting reuse pattern corresponding
to the reuse across batches for the same table. It is observed that L1D$ hit rates are
very bad

Insights on temporal locality: From the above analysis, we can categorize the
reuse distances into four classes:

(1) Intra-table: The accesses happening during the batched embedding_bag for a
table can share the indices and thereby get benefited from the cache hierarchy. However,
the temporal locality could only be exploited if the reuse distance fits within the cache
capacity.

(2) Inter-table: Since two embedding tables have their own memory footprints, no
embedding row vectors could be shared. Moreover, the next table would evict the data
of the previous table from the caches, thereby destroying any previously created locality.
Thus, as the samples switch the tables, cache thrashing can occur.

(3) Inter-batch: As each batch accesses all the embedding tables, we can think about
the presence of locality across batches. For a table, this would happen when the same
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Figure 2.6: Our model for capturing the reuse distances, and for indicating cache hit
rates and cold misses.

indices are accessed across batches. However, in this situation, the reuse distance is very
large as many unique accesses happen in between corresponding to one less of the total
tables. The thick red arrow in Figure 2.7 indicates this situation.

(4) Inter-core: During multi-core execution, the LLC capacity, and DRAM bandwidth
get shared across cores. This sharing could lead to two situations: (a) Constructive
sharing - This would happen when two or more cores are working on the same embedding
table. The cache miss corresponding to an embedding row vector could be used by the
other core. (b) Destructive sharing - This would generally happen when cores are working
on different embedding tables. For all shared buffers (like LLC, row-buffer, etc.), one core
could evict/thrash the data needed by another core. Even when two cores are working on
the same table, thrashing may still happen as the working set of one table is very large.

Discussion on trace collection process: It is important to highlight how our
trace generation compares with collecting traces from a real execution. In a real run,
one could either modify the backend codebase to dump the load addresses corresponding
to embedding vector accesses or instrument the memory accesses using a tool like
PinTool [77]. However, there are two major issues with this setup. First, an actual
run would be time-consuming and would limit the experimentation speed. And second,
analyzing the role of the number of cores would be limited by the maximum number of
cores supported in the setup machine, thus limiting the experimentation scope. Given
these challenges, we choose to develop a model, instead of a complex setup in a real
machine.

2.3.2 Multi-core Scaling and Bandwidth study

Previous works [2,15,54–56] have highlighted limitations of memory bandwidth in CPUs.
However, modern CPUs have significantly higher memory bandwidth Cascade Lake [78],
Ice Lake [79]. Also, Intel has heavily tuned the PyTorch operators for optimizing the
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Figure 2.7: Reuse distance study for different datasets in rm2_1 model for 24 cores &
batch size = 64.

performance on CPUs [80]. To improve throughput during inference, we propose to
utilize all CPU cores, such that a batch is mapped to each core. Figure 2.8 shows the
variation in execution time and memory bandwidth of RM2_1 models as the number of
cores increases. From a single core to 24 cores, the execution time increases by 14% and
the memory bandwidth increases by 15.5 times. While investigating into VTune [81],
the execution time does remain memory bandwidth bound by 80% in Low Hot but the
bandwidth does not get fully utilized. This gives an opportunity to utilize the remaining
memory bandwidth for optimizing the performance.

2.3.3 Key Takeaways

From the above characterization, we make the following key observations:
(1) Irregularity in the memory accesses is governed by the input dataset (meaning the
indices in the query) and the embedding model parameters.
(2) For a given embedding model, the average load latency could vary significantly based
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Figure 2.8: Multi-core scalability: (a) Execution time (b) Memory bandwidth used.

on lookup patterns (up to 16 times), as shown in Figure 2.4.
(3) Reuse distance calculations are representative of the memory working sets. For
large DLRMs, caches (even as large as 768MB) fail to capture them, particularly in the
practical Medium and Low Hot dataset scenarios.
(4) Significant amount of cold misses are observed (as high as 72%). Even, the High Hot
dataset experiences about 22% cold misses on average.
(5) The embedding stage contribution in the end-to-end performance varies based on the
model properties and input dataset.
(6) Memory-bandwidth and core-count in modern CPUs [79, 82, 83] has significantly
increased compared to CPUs evaluated in past works [2,15]. This poses a need to rethink
multi-core scaling and application mapping in DLRMs.
(7) Underutilization opportunities are present in MLP and embedding stages. Caches and
memory are underused in MLP while the CPU pipeline is stalled in embedding accesses.

Based on these observations, in the remainder of this paper, we explore two well-known
design features – software prefetching and hyperthreading – to boost the performance of
the embedding stage.

2.4 Proposed Optimizations for Improving the Efficiency
of CPU Pipeline
Since there are three levels of indirection in memory accesses (Figure 2.3), and the reuse
distance easily exceeds the cache capacities (Figure 2.7), the long memory access latency
becomes a major bottleneck. In this section, we first identify the limitations of existing
hardware techniques that hide the memory access latency, and then propose programmer-
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inserted software prefetching to reduce the latency on the critical path. Furthermore,
given that load instructions still exist, and that the Bottom-MLP and embedding stages
are independent tasks, we propose to intelligently exploit hyperthreading to overlap
computation and memory accesses.

2.4.1 Limitations of Existing On-Chip Hardware and Compiler Tech-
niques

Modern CPUs are equipped with various techniques to deal with long memory latencies.
OoO (Out-of-Order) execution is one such technique that is commonly used to tolerate
long latency but it is limited by the instruction window size [84]. The cache hierarchy
and prefetching also help tolerate memory latency. As the memory accesses offer limited
temporal locality, we see that even in the presence of a cache hierarchy, average load
latency is still quite high (Figure 2.4).

Intel CPUs are typically equipped with a total of four prefetchers [66] dedicated to
each core where two work with L1D$ and the other two work with L2$.1 Since there are
indirect accesses, it is hard for the prefetcher to detect the patterns effectively, and load
latency remains high. Our evaluation found that turning the hardware prefetcher on or
off have a small performance impact on DLRMs, sometimes even giving slight speedup
(Section 2.6).

Compiler-inserted prefetching is another alternative to capture the indirect memory
accesses automatically using compilers. While optimizing compilers are able to capture
"regular" stride patterns easily [72, 73], they still suffer for DLRM workloads as the
access pattern is highly random and input-dependent. We evaluated the benefits of
compiler-inserted prefetching and hardware prefetching on a 24-core configuration for the
RM2_1 model and the execution time results are reported in Figure 2.10(a) with respect
to the baseline results (hardware prefetcher on). As the results indicate, these off-the-self
techniques2 show limited benefits, or even marginally degrade the performance. The
result motivates us to design application-specific prefetching techniques to address the
long memory access problem.

1By default, all the hardware prefetchers are enabled.
2gcc is used with "-fprefetch-loop-arrays", and icc is used with "-qopt-prefetch=5"
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2.4.2 Application-Specific Software Prefetching

Plainly employing state-of-the-art software or hardware prefetchers [62–66,72,73] could
be naïve and costly [85]. Thus, smartly tailoring the available software prefetching
intrinsics for DLRM and associated hardware is necessary. In this section, we discuss
our proposed programmer-inserted prefetching support which is both application- and
architecture-aware.

Specifically, to do a design space exploration, we set to answer the following questions
in the context of prefetching for embedding table lookups: i) What to prefetch? ii) When
to prefetch? iii) How to prefetch? and iv) Where to prefetch?

What to prefetch? We leverage the insight that the software can look ahead in the
indices array (Figure 2.3) and easily calculate the addresses for future accesses. Thus,
while the demand load fetches an embedding row vector, we anticipate a load miss in the
L1D$ for a later sample, for which a corresponding software prefetch request is issued.
That is, we put a software prefetch instruction for each data request we predict to result
in a miss.

When to prefetch? Earlier, Algorithm 8 describes the memory access loop in
the embedding lookup stage. This suggests multiple options to prefetch where one can
consider prefetching the embedding vectors for the next batch or table or sample or
lookup. Since the embedding vector is comprised of multiple cache lines, one can even
consider prefetching a part or all of them. This presents a conundrum of choice(s). One
can find the right option by playing with the prefetch distance. Intuitively, prefetching for
the next cache lines of the same embedding vector seems to be too early, and prefetching
for the next sample seems to be too late. So, we consider finding the prefetch distance
at the granularity of lookups to look-ahead, which can meet the timeliness requirement.
Figure 2.10(b) shows the execution time vs prefetch distance. We find that a prefetch
distance of 4 gives the best performance. It corresponds to about 200 instructions between
look-ahead prefetch and demand load.

How to prefetch? We use the intrinsic “_mm_prefetch" [86] supported by gcc
to manually insert prefetches. It fetches a cache line for the input address. This allows
bringing the data of embedding row vectors into the caches.

Where to prefetch? The intrinsic provides multiple options to suggest where to
load the prefetched data. It can be put into either L1D$, L2, or LLC based on the
strategy macro passed. We choose to pick L1D$ as it brings the data closest to the
processor. However, since the L1D$ is only 32KiB, one must be cautious about potential
cache pollution. A 32KiB capacity can hold up to 64 embedding vectors (assuming an

26



P2P1 P3 P4 P5 P6 P7 P8

G2G1 G3 G4 ...

…

Time
Figure 2.9: Software prefetching timeline: Gather[G] (the demand loads) follow the
look-ahead loads[P] at an ideal prefetch distance of four.

1.1

1.2

1.3

1.4

1.5

0 2 4 8 16 64 96

Sp
e

e
d

u
p

Prefetch distance

40

45

50

55

60

65

70

w/o HW-
PF

Baseline GCC-PF ICC-PF

B
at

ch
 L

at
e

n
cy

 (
m

s)

0

20

40

60

80

0

20

40

60

80

100

1 2 4 6 8

A
ve

ra
ge

 L
o

ad
 L

at
e

n
cy

 
(c

yc
le

s)

H
it

 R
at

e
 %

Cache lines

L1D$ Hit Rate Total load latency

(a) (b) (c)

Figure 2.10: (a) Comparing state-of-the-art compiler-inserted prefetching with baseline
for the RM2_1 model, (b) Impact of prefetch distance on the performance of 24 cores,
(c) Impact of prefetch amount on the L1D$ hit rate and average load latency.

embedding dimension of 128, and 32-bit floating point precision). Since the prefetch
distance decides how many embedding vectors are fetched between the prefetch and the
demand load, a distance of four means 4×512B = 2KB amount of prefetch injections,
which is reasonably low compared to the L1D$ cache capacity. Figure 2.10(c) shows the
impact of the prefetch amount on the cache hit rate and average load latency. Since an
embedding vector occupies 8 cache lines, we find that prefetching the complete embedding
vector gives the highest cache hit rate and minimizes the load latency. Thus, we choose a
prefetch amount of 8. Algorithm 6 captures the above points of discussion and illustrates
the prefetch implementation.

To better visualize software prefetching, we can look into the timeline of look-ahead
loads and demand loads, shown in Figure 2.9. It can be observed that the look-ahead
loads match, one-to-one, to the demand loads, and consequently, the total number of
loads requested by the CPU core becomes doubled. However, the look-ahead load pays
the memory access latency and brings the data into L1D$. Therefore, the critical path
for demand load is highly reduced to only a few cycles based on the L1D$ latency.

As the number of loads increase due to prefetching, the cache and memory bandwidth
gets more stressed. Also, when multiple cores are working, the situation could worsen.
To alleviate the stress, we additionally leverage hyperthreading to overlap compute- and
memory-intensive stages.
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Algorithm 6: Prefetch Insertion in embedding_bag operator.
pf_dist← 4
pf_blocks← ddim/16
for i← start to end do

output_ptr ← &output[i * ddim]
zero_ker(output_ptr, ddim);
for s← offsets[i] to offsets[i+1] do

row_ptr ← &table[indices[s] * ddim]
pf_ptr ← &table[indices[s + pf_dist] * ddim];
for cb← 0 to pf_blocks do

_mm_prefetch(pf_ptr + cb * 16, _MM_HINT_T0);
add_ker(output_ptr, row_ptr, ddim);

2.4.3 Application-aware HyperThreading

Multithreading is a common technique to improve application performance. But, it could
hurt performance if not carefully applied. A previous work [15] used hyperthreading to
run two DLRM inference instances on the same core and showed it to be detrimental to
performance. Many other previous works [2,15,19,67] dismissed hyperthreading for similar
reasons. In contrast to these works, we realize the additional knowledge of the embedding
stage and Bottom-MLP as independent tasks is a fortunate opportunity to deploy
hyperthreading smartly. It is well-known that modern CPUs employ a Simultaneous
Multithreading design [87] like HyperThreading [88] in Intel CPUs.

Figure 4.6 shows three possible designs: sequential (baseline), naive hyperthreading
referred to as Data-Parallel HT (DP-HT), and Model-Parallel HT (MP-HT). Sequential
refers to the commonly adopted designs in DLRM [2,25,89] where Embedding is followed
by Bottom-MLP. DP-HT implements mapping two inference instances on the hyper-
threads. These threads are executed sequentially and are colocated on the same core.
This could lead to memory-memory or compute-compute overlap in the CPU pipeline,
and thereby may worsen the performance of each thread. Luckily, we have embedding
and Bottom-MLP as independent stages, and they can be executed in parallel. MP-HT
partitions the work of one batch such that it maps the embedding stage on one thread,
and Bottom-MLP on the other. This fine-grained control is ideal for hyperthreading
because of a favorable memory-compute overlap scenario and minimal cache/bandwidth
contention across threads due to smaller Bottom-MLP working sets. One could even
think to deploy the independent Bottom-MLP and embedding threads on separate CPU
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Figure 2.11: Overlapping compute and memory access via hyperthreading.

cores. However, it would cost double the CPU cores, and synchronization overheads.
Among possible choices, we argue that MP-HT is the best scheme for performance gains.

To achieve this goal, we modify the thread pool implementation in PyTorch. PyTorch
supports multi-threading inference, where each thread from the thread pool pulls an
inference operator from the task queue. Our hyperthreading design revises the PyTorch
thread pool implementation to be hyperthreading-aware. Specifically, two threads on
the same physical core share one task queue instead of sharing with the entire thread
pool. Thus, one inference instance will always run on the same physical core, and other
threads on other physical cores cannot steal the inference task.

2.4.4 Synergy of Prefetching and Overlapping

Despite prefetching, there could still be miss related stalls. Further, sometimes prefetching
itself adds to the memory traffic to worse performance [90]. Hyperthreading, on the other
hand, is orthogonal to prefetching and can more effectively use on-chip compute resources
when they are under-utilized by one of the threads stalling for memory [74, 87, 91].
To further improve the CPU pipeline utilization, we propose combining our proposed
schemes. This is interesting for two reasons: (1) Since the prefetching would improve
the performance of the embedding thread, the memory instructions would earlier free
the pipeline resources like instruction widow entries, thus providing more resources for
the Bottom-MLP thread. (2) As the Bottom MLP stages are compute-heavy and only
require a few MBs of memory footprint [61], prefetching could better utilize the cache
and memory resources. Thus, we argue that hyperthreading can work symbiotically with
prefetching and improve overall performance by higher CPU pipeline and cache/memory
utilization.
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Machines Cascade Lake
Model 6240R

Frequency 2.4GHz
Sockets 2
SIMD AVX-512

L1D Cache latency 5 cycles
L1D Cache size 32KB
L2 Cache size 1MB
L3 Cache size 35.75 MB

DRAM Capacity 96 GB
DDR Type DDR4-2933

DDR B/W per socket 140 GB/s

Table 2.3: CPU configuration parameters.

2.5 Methodology
Datasets: We use the recently released production traces from Meta [60], which provides
the input data for embedding table lookups (indices and offsets) and has similar memory
access patterns to Meta’s DLRM traces. The hot embedding behavior differs across
tables within a dataset, and we categorize them into three groups based on the hotness:
low, medium, and high. Unique accesses represent % of unique item ids present in a
given dataset, which governs the memory working set for an embedding table. We found
that the unique accesses in Low, Medium, & High are 60%, 24%, & 3% respectively,
which matches Meta’s input traces [15,57].

Models: As highlighted in Section 5.2, [15] and [2] have categorized the DLRMs
into three classes. RMC1 and RMC2 are embedding-dominated, whereas RMC1 has a
reasonable contribution from the MLP stages. As our work is focused on embedding
heavy models, we consider models from these two classes. One issue is that limited model
configurations are available in public where [2] is the only work that shares the exact
details of three models (one in each class). Since recent models have drastically grown in
various configurations, the model configurations provided in [2] may not be accurate.
Therefore, we use the guidelines from [15] and [2] on model configurations to project
practical models adhering to the upper bounds mentioned in the recent works [50–53].
We vary the model configurations to project larger RMC1 and RMC2 models. To do this,
we increase the embedding dimension, rows, tables, lookups, and make the Bottom/Top-
MLP larger. Bottom-MLP is kept larger than Top-MLP as suggested in [67,92,93]. The
adopted model configuration details are given in Table 2.2. The batch size is chosen as
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Low Medium High
RM2_1

RM2_2

RM2_3

RM1
RM2_1

RM2_2

RM2_3

RM1
RM2_1

RM2_2

RM2_3

RM1

HW-
PF
OFF

72.59 180.42 306.77 11.23 48.94 115.76 196.93 7.33 32.92 83.18 126.54 5.85

Baseline 74.36 180.88 303.56 10.95 49.65 120.48 201.87 6.62 29.89 70.28 124.84 4.68
SW-
PF

51.91 129.61 232.79 9.14 36.74 90.88 146.39 5.31 24.43 60.65 99.26 3.95

Table 2.4: Batch execution time (ms) of embedding-only stage in multi-core for different
models and datasets.

64 to maximize throughput while meeting the SLA requirements associated with each
class as mentioned in [2] (Table 2.1). In our evaluation, we refer to RM2_{1,2,3} as
embedding heavy models and RM_1 as mixed-model.

Hardware: Intel(R) Xeon(R) Gold 6240R CPU @ 2.40GHz (Cascade Lake) [78]
is used in the evaluation. Table 2.3 summarizes the properties of the CPU. We collect
results on a single-core and multi-core(using all cores) configuration. Turbo-mode is
disabled and frequency is set to 2.4GHz for all cores.

Software: PyTorch(v1.12.0) is used combined with Intel’s extension for PyTorch
(IPEX) [80], which provides optimized operators and is used in MLPerf benchmarking
[89,94]. Our schemes are built on top of IPEX. The batch size used is 64 which meets
the SLA latency target shared in [2].

2.6 Performance Evaluation
In this section, we analyze the performance benefits of our optimization designs. Our
experimentation configuration is described in Section 5.5. We report the inference
performance for single and multi-core, in terms of batch latency (averaged over 120
batches) and speedup. Similar to [2,26], one batch is treated as a quantum of work, and
each batch is mapped onto a core. Multiple cores are used in inference for maximizing
inference throughput and CPU utilization. Note that we use all the physical cores
present in one socket. We assess various design points: (1) w/o HW-PF: hardware
prefetching turned OFF; (2) baseline: hardware prefetching turned ON; (3) SW-PF:
proposed software prefetching turned ON; (4) DP-HT: naive hyperthreading; (5) MP-HT:
proposed smarter hyperthreading (6) Integrated: the combination of SW-PF and MP-HT.
As described in Section 5.5, we consider three datasets {High, Medium, Low} and three
models RM2_1, RM2_2, RM2_3 for our evaluation.
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Figure 2.12: Comparison of performance of embedding-only stage for embedding
heavy models for different datasets: (a) single and (b) many cores.

2.6.1 Improvement in the Embedding stage

We first evaluate the performance benefits of the embedding stage since the software
prefetching design optimizes only the memory accesses in embedding lookups. Figure 2.12
shows the performance of the design points for a single and multi-core execution.

Compared to the baseline, disabling the hardware prefetcher generally yields slightly
reduced performance except in the High Hot case, where performance improves. Our
proposed software prefetching is seen to outperform the baseline. Specifically, in the
single-core comparison, it gives a speedup ranging from 1.25x (RM2_1 in High Hot) to
1.47x (RM2_3 in Low Hot), while for the multi-core comparison(Figure 2.12(b)), it gives
a speedup in the range of 1.16x (RM2_2 in High Hot) to 1.43x (RM2_1 in Low Hot).
This shows that software prefetching is scalable to multi-core systems. As the degree of
cold misses and cache performance worsens from high hot to low hot (Section 2.3.1), it is
observed that software prefetching performs best in the Low Hot dataset as it offers more
irregularity, while still proving to be beneficial in High Hot situations. We observe similar
performance gains across models owing to them having the same embedding dimension.

2.6.2 End-to-end Improvement

Here, we consider full DLRM and further evaluate the MP-HT and Integrated schemes.
We test both embedding-heavy(RM2_{1,2,3}) and mixed models(RM_1).

2.6.2.1 Embedding Heavy Models

Similar to Figure 2.12, Figure 2.13 compares the performance of all design points for
different datasets, models, and cores. First, we observe that turning off hardware
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Figure 2.13: End-to-end performance gain on embedding heavy models for different
datasets.: (a) single and (b) many cores.
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Figure 2.14: End-to-end performance gain on mix-model RM_1 for different datasets.
prefetching hurts performance in all cases when compared to the baseline. This is because
hardware prefetching is useful in the compute-intensive stages as they bring regular access
patterns. Next, we see that DP-HT underperforms compared to our baseline (up to
0.62x) and it exceeds the SLA requirement by 152ms in RM2_3 for the low hot dataset.

SW-PF outperforms the baseline by a considerable 1.21x-1.46x in single-core and
1.18x-1.42x in the multi-core scenario. MP-HT yields a speedup of up to 1.24x (in RM2_3
in High Hot) in single core, and up to 1.19x (in RM2_3 in High Hot). Even though all
models are heavy in embedding, RM2_3 provides a relatively higher opportunity for
overlap. Moreover, as the hotness increases, the embedding stage executes faster, thereby
improving the scope for overlap further. Thus, MP-HT is seen to perform relatively better
for High Hot and models with relatively lighter embedding. Finally, we see that our
integrated design outperforms the baseline by 1.40x-1.59x in single-core and 1.29x-1.43x
in multi-core. Table 2.4 details the actual execution time for embedding-only multi-core
case.
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Figure 2.15: L1D$ hit rate and average load latency for RM2_1 model (embedding-only)
on Low-Hot dataset.

2.6.2.2 Mixed Models

Figure 2.14 shows the performance of all design points for the RM_1 model. On average,
HP-OFF, and DP-HT exhibit performance degradation of 0.85x, 0.50x, and 0.60x,
respectively. Software prefetching yields an average speedup of 1.1x. This is relatively
low compared to that of embedding heavy models due to reduced irregularity and the
lower contribution of embedding. MP-HT produces a speedup of 1.25x-1.37x. This is
higher than that of embedding heavy as RM_1 models provide a better overlapping
opportunity of embedding and Bottom-MLP stages. Interestingly, the integrated design
gives a considerable non-linear speedup ranging from 1.37x to 1.54x due to the synergy
as described in Section 2.4.4.

2.6.3 Empirical Characterization

Using VTune, we profile the embedding stage to obtain low-level CPU metrics. Figure 2.15
shows the L1D$ hit rate and average load latency for RM2_1 model. The baseline observes
an L1D$ hit rate between 72%-84%, and an average load latency between 23 to 90 cycles.
Across models, the hit rate increases, and thereby the load latency decreases. This
is because larger models (RM_2, RM_3) offer more accesses per table due to higher
lookups per sample. This situation is similar to Intra-table discussion in Section 2.3.1.
Software prefetching improves significantly over baseline by achieving a cache hit rate of
96.7% to 99.4%, and an average load latency of 5.6-7.1 cycles. Integrated improves over
SW-PF by achieving a cache hit rate of 99.3% to 99.5%, and an average load latency of
5.5-5.7 cycles. We observe similar results for other datasets, but for brevity, we analyze
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Figure 2.16: Speedup comparison across different CPUs for (a) single-core (b) multi-core

only the Low Hot dataset. This shows that our optimization designs are able to improve
the long memory latency bottleneck, thereby improving the CPI and thus the execution
time (as discussed in the previous subsection).

2.6.4 Evaluating Across Different CPU Platforms

Data centers contain a range of CPU platforms [15] [2] [19] [47] [95]. To understand
how our optimizations perform across different CPU architectures, we consider 5 dif-
ferent CPUs: Intel’s SkyLake(SKL, 24 cores) [96], Cascade Lake(CSL, 48 cores) [78],
IceLake(ICL, 32 cores) [97], Sapphire Rapids (SPR, 112 cores) [82], and AMD’s EPYC
7763(Zen3, 128 cores) [83]. To evaluate both embedding heavy and mixed-model sit-
uations, RM2_1 and RM1 are tested on the low hot dataset. Figure 2.16 shows the
performance of our proposed optimizations across different CPU platforms, for single-
core (Fig. 2.16(a)) and for multi-core (using all CPU cores, Fig. 2.16(b)) setups. Our
optimizations consistently improve the performance over the baseline across a wide range
of CPUs.

It is observed that multi-core speedups are lower than their respective single-core
performance. This is because of interference across cores for the shared resources. For
example, Zen3 observes high speedups except for RM2_1 in (a) due to severe contention
in memory bandwidth with 128 cores running in parallel. Overall, compared to CSL, the
lower performance of ICL and SPR is due to microarchitecture differences. In particular,
ICL & SPR have a higher instruction window width by 58% & 129% respectively
which implicitly improves the memory-level-parallelism(MLP). Note that we tuned the
prefetcher to extract optimal performance for ICL, SPR, & Zen3, and the optimal prefetch
amount of 2, 2, & 4 is found. It is interesting to note that though hardware implicitly
improves MLP using various techniques (OoO, MSHR, etc), software prefetching remains
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Figure 2.17: Tail (P95) latency comparison across designs by varying the arrival time for
models: (a) RM2_1 (b) RM1. SLA latency target is marked in red.

effective, and the integrated scheme reaps the best performance.

2.6.5 Tail Latency Evaluation

As recommendation systems are deployed as part of interactive applications, it is critical
to evaluate the SLA and tail latency behavior of such systems [2, 19,98]. Similar to [2],
we model a load generator that generates requests with a Poisson distribution. The
end-to-end inferences for mixed-model RM1 and a heavy-embedding model RM2_3 on the
low hot dataset are evaluated. Figure 2.17 plots the p95 tail latency for various schemes.
Arrival times are carefully chosen to consider both SLA-compliant and saturation regions.
The SLA-compliant region refers to the range of arrival times for which the p95 latency
meets the SLA target, while the saturation region refers to the non-compliant range.
The baseline design meets the SLA targets for an average arrival time greater than
15ms for RM2_1, and 0.5ms for RM1. For these arrival times, our optimization designs
considerably improve the tail latency by up to 1.8x for RM2_1, and 2.5x for RM1.
Further, the integrated design brings significant improvements by tolerating faster arrival
rates upto 1.4x for RM2_1, and 2.3x for RM1 while meeting the 400ms and 100ms
respective SLA targets. These improvements can be attributed to the fact that our
designs improve the inference computation time and thereby, less suffer from queueing
delays.

2.7 Conclusions
As CPUs continue to be a preferred platform for running DLRM inference workloads,
improving the performance of these emerging workloads on single and multicore CPUs
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becomes critical. In this context, optimizing the embedding stage, which is the major
bottleneck in the DLRM pipeline, is especially important. While prior efforts have
proposed several techniques to enhance DLRM performance primarily through hetero-
geneous CPU+GPU platforms and NMP accelerators, this paper focuses on improving
the performance on state-of-the-art CPUs by utilizing well-known software techniques.
We propose customized software prefetching and computation overlapping via hyper-
threading to minimize the embedding stage overhead and overall execution latency. Our
experimental results show that the proposed techniques improve the performance of
embedding heavy & mixed models for various hotness datasets by up to 1.59x. We
believe that our techniques can be implemented straightforwardly in CPUs for making
them a competitive platform for DLRM inference. Finally, with these two enhancements,
requiring no change in hardware or in the models publicly distributed, we are getting on
an average 40% improvement. This sets a new baseline for any future research proposing
hardware and software enhancements to improve upon.
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Chapter 3 |
Parallelization of Embedding Stage
on CPUs

3.1 Introduction
Building on the CPU performance optimizations discussed in the previous chapter, we
now shift our focus toward improving the parallel efficiency of the embedding stage itself.
While Chapter 2 addressed memory bottlenecks through prefetching and hyperthreading
which improve single core performance, this chapter investigates how to better distribute
embedding workloads across multiple CPU cores to enhance scalability and end-to-end
performance. Recall the DLRM model published by Meta [14] as depicted in Figure 3.1.
This model has MLPs (Multi-layer perceptron), Embeddings, and an Interaction Layer,
each having unique characteristics. Specifically, the top and bottom MLPs are compute-
dominated. In contrast, the embedding stage is memory bandwidth- and memory capacity-
dominated. DLRM parallelization is carried out using both “data parallelism” (MLP
layers) and “model parallelism” (embedding stage). Even though efforts of tolerating
the overhead of the embedding stage while parallelizing the MLPs have been successful
[99] [100], a significant portion of DLRM inference cycles is still spent in the embedding
stage. Hence, innovations in improving the performance of embedding stage can have
a non-trivial impact on the overall DLRM inference latency. This in turn can lead to
improvements in Queries-per-Second (QPS) while meeting the Quality-of-Service (QoS)
requirements. Another benefit of improving the performance of the embedding stage
is to enable larger recommendation models that meet the QoS requirements. Doing so
would lead to higher accuracy of prediction and thus higher user satisfaction.

State-of-the-Art: One of the current strategies frequently used by hyperscale
companies is to employ GPU-based systems with HBM (high bandwidth memory) for
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Interaction

Item Embedding Table
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User Embedding TableBottom MLP

Continuous Features Categorical Features

Figure 3.1: DLRM architecture. MLPs are compute-bound and are typically parallelized
using data parallelism. On the other hand, embedding tables are memory bandwidth-
and memory capacity-bound and are parallelized using model parallelism.

DLRM inference. In particular, GPUs provide higher matrix-multiply TOPS (trillions of
operations per second) that benefit the compute-bound layers of DLRM. Furthermore,
HBM memory provides higher bandwidth for processing the embedding stage, which, as
mentioned above, is memory bandwidth-bound. However, HBM configurations provide
lesser memory capacity compared to DDR-based ones and at a higher cost. Since
embedding tables in DLRM can be quite large, a recommendation model must be split
across a number of GPUs to accommodate the embedding tables in the available HBM
capacity.

Motivation: Our goal is to enable scalable inference with deep learning recommen-
dation models that utilize very large, sparse embedding tables. Our proposed approach
is motivated by two observations:
• Firstly, while DLRM can be accelerated by GPUs or custom accelerators, CPUs

can be a more “cost-effective” platform and easier to optimize DLRM compared to
other target architectures. For example, popular Hyperscalers such as Google Cloud
Platform [101], Amazon Web Services [102], Azure Cloud [103], etc., offer CPU processors
with competitive performance per $ that can host recommendation systems. So, from
a cost-effectiveness angle, there is a motivation to consider and significantly improve
performance of CPU-based implementation of DLRM (in particular, the embedding bag
operator).
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Figure 3.2: Achieved bandwidth (data processing rate), normalized to peak DDR band-
width, when using Batch Threading (BT) with different table sizes (x-axis) on a 4th Gen
EPYC™ processor. The achieved bandwidth is only a fraction of the theoretical LLC
bandwidth for all table sizes, and is lower than the peak DDR bandwidth for some table
sizes.

• Secondly, it is known that DLRM exhibits a large degree of data reuse when
accessing the embedding tables and the majority of the table indices follow a Zipf’s law
distribution [104]. Preliminary data for leveraging this data reuse for select hot tables has
been shown to provide good performance for embedding operations [99]. However, the
embedding stage remains a memory-bound kernel as shown in Figure 3.2 which plots the
achieved data processing rate (called “bandwidth”) for the embedding stage employing
different table sizes (bars) and batch size (x-axis). The results in this graph reveal that
the achieved bandwidth is at least 43.6% lower than the peak LLC bandwidth and in
some cases 40% lower than the peak DDR bandwidth, indicating a large amount of
remaining memory traffic. Thus, it is important to consider CPU-based optimizations for
the embedding stages. Note also that the state-of-the-art embedding bag parallelization
method on CPU multicores, called “batch threading” (BT), which parallelizes accesses
to each embedding table across all available threads (more on this later), suffers from
lack of scaling for heterogeneous workloads. This is illustrated in Figure 3.3) on a
server-grade CPU multicore system for embedding stage running with varying table
properties (heterogeneous). It can be seen that batch threading does not scale beyond 16
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cores. This poor scalability results clearly motivate for exploring alternate parallelization
strategies that will enable scaling across all available compute (CPU cores).

Contributions: Motivated by the observations above, this paper makes the following
novel contributions:
• We leverage the cache hierarchy and chiplet-based architecture found in state-of-

the-art server-grade AMD CPU multicores to propose different parallelization strategies
for the embedding bag operator, that enable scaling and improve data processing rate.
Our defended parallelization strategies, referred to as “Table Threading” (TT) and
“Hierarchical Threading” (HT), leverage the high data reuse in embedding tables to
improve the utilization of L1, L2 and L3 (LLC) cache capacities, rather than relying on
the available DRAM bandwidth.
• We discuss the role of various hardware and software parameters in maximizing

the performance of our proposed HT, and also provide detailed reasoning on how these
settings help.
• We present comprehensive performance metrics based on the statistical distribution

properties of the Zipf’s distribution.
• We provide a comparison of our proposed parallelization strategies on state-of-the-
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art CPU multicores, and discuss the scenarios under which the different parallelization
strategies perform better than the others. Specifically, the experimental evaluations
indicate that our defended embedding bag parallelization scheme achieves, on 4th Gen
EPYC™ processors, up to 9.9x improvement in the embedding performance over the
state-of-the-art.

Novelty: Prior work on accelerating DLRM Inference on CPU multicores [99]
proposed parallelization at coarse levels of granularity: (a) executing bottom MLP in
parallel to the embedding stage and (b) executing an entire batch per CPU core for the
embedding stage. In this paper, we focus on finer granularity parallelization strategies
that better exploit the underlying architecture: (i) we propose novel parallelization
schemes that exploit a chiplet-based multicore architecture consisting of core complexes,
each with a shared LLC, by pinning the per-table or per table-group memory traffic
onto CPU cores or Core complexes; (ii) we study the scaling of the embedding stage on
production datasets, which combines the heterogeneous aspects in the embedding stage
such as non-uniform table sizes, varying number of lookups per user, and different row
access distribution across tables; (iii) we identify embedding bag configurations (based
on batch size, table size, embedding dimension, and row reuse distribution), scaling when
running on state-of-the-art CPU multicores; and finally, (iv) we identify the performance
scaling impact of 3D stacked LLC on the embedding bag operator.

3.2 Background

This section describes our target architectures (4th Gen EPYC™ processors technology
(formerly known as “Genoa") and 4th Gen EPYC™ processors with 3D V-Cache™

technology (formerly known as “Genoa-X")), and the system parameters that play a
crucial role in the performance of the embedding bag operator.

3.2.1 Understanding Embedding Bag Operator

A typical Embedding Bag is illustrated in Figure 3.4. Each embedding operator does a
series of vector reads into a table. The width of each of the vector is called “Embedding
Dimension”. A “Pooling Factor” number of vectors are then pooled together to form a
single "output" vector. Multiple such embedding operations are batched together for each
table (note that the size of the pooling factor can vary across batches). This operation is
then repeated for multiple tables. In general, the table size can also vary [33]. Current
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Figure 3.4: Workflow of the embedding bag operator. For each table, a batch of queries
is processed. The operator initially performs index lookups for each query item, followed
by mapping these indices to the embedding tables and collecting the corresponding
embedding vectors. Finally, a pooling operation, such as “sum”, is applied to calculate
an output vector for the query item.

implementations of the embedding bag operator process the work per table in parallel,
but invoke the operator across the tables sequentially. As a result, the time required to
complete the embedding bag kernel is the “sum” of the processing time for each table.

3.2.2 Target Architectures

3.2.2.1 AMD “Genoa”

“Genoa” is based on the successful multi-chip module (MCM) based Chiplet architecture
SoC (System-on-a-Chip). “Genoa” leverages the fourth generation of AMD “Zen 4”
compute cores and incorporates up to 96 of these cores in a single SoC. A high-level view
of “Genoa” is illustrated in Figure 3.5. The cores have been updated to support compute
on BFloat16 and Int8 data types as well as the VNNI and AVX512 ISA extensions for
efficient deep learning performance. The Zen4 core builds upon the Zen 3 core and
incorporates improved branch prediction and larger micro-op caches (small dedicated
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Figure 3.5: A high-level view of “Genoa”. Each group of 8 cores with an L3 cache defines
a chiplet (CCD) [1].

caches for micro-ops, which are RISC-like instructions obtained by breaking up complex
x86 instructions), register files, and instruction retire queues. Zen4 also has an improved
load store unit with a 32KB L1 cache and a 1M L2 cache per core as well as larger TLBs.
Table 3.1 gives the details of the target system used in this study.

“Genoa” builds on the next-generation Infinity Fabric to connect the cores composed
into Core Complex Dies (CCDs) with the IO Die. The IO Die incorporates class-leading 12
channels of state-of-the-art DDR5 memory, providing up to 460GBps of peak theoretical
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Figure 3.6: A high-level view of “Genoa-X”. V-Cache™ effectively extends LLC capacity
for the cores in each CCD. Note that the LLC with V-Cache™ remains partitioned across
core complexes [1].

memory bandwidth per socket. Additionally, with up to 2 DIMMs per channel, 2 socket
configurations can have up to 12TB of memory by leveraging 3DS memory. “Genoa”
enables up to 128 lanes of Gen5 PCIe. 64 of these lanes are also CXL 1.1 capable. TDPs
for “Genoa” SoC extend up to 400w making for an extremely powerful server.

Each “Genoa” CCD has 8 cores with up to 12 CCDs in an SoC. Each of these CCDs
has up to 32 MB L3, bringing the total L3 capacity in a 96-core 12 CCD SoC to 384 MB.
The L3 in each of these CCDs are designed to provide extremely high bandwidth and
low latency access for all the cores in the CCD and can cache the entire memory address
space. Cache consistency is automatically maintained across all CCDs in the system.
The Infinity Fabric allows coherent scaling to multiple sockets with flexible topology
options.

For NUMA-optimized workloads, the “Genoa” SoC can be configured to operate as
multiple NUMA Nodes Per Socket (NPS). Instead of distributing the memory owned by
applications running on all 96 cores equally across all 12 memory channels, configuring
NPS to be greater than 1 makes the OS prefer memory that is closer to the CCD/core
on which the requesting application is running. Specifically, NPS can be configured to 1,
2, or 4. In the 4 NPS config and 2P config, the platform appears like an 8S config to
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System Sockets 1
PCIe 128 lanes Gen5

SoC Cores per SoC 96
CCDs per SoC 12
Memory BW 460GBps across 12 DDR5 channels
Memory Capacity 768GB per socket
TDP 360W

CCD Cores per CCD 8
L3 per CCD 32MB

Core L1 Cache (instr/data) 32KB/32KB
L2 Cache 1MB
DTLB entries (L1/L2) 2048/3072
Frequency 2.4GHz

Table 3.1: “Genoa" Configuration [3].

the OS, each with 3 of the 12 memory channels. The NUMA distances between NPS
nodes on the same socket are lower than the distances between 2 NPS nodes on different
sockets.

3.2.2.2 AMD “Genoa-X” – (“Genoa” + V-Cache™)

“Genoa-X” is available with a state-of-the-art 3D stacked extension of L3 (called “V-
Cache”) that provides an additional 64MB capacity per core complex, for a total of
96MB L3 per core complex and 1.12GB of L3 per socket [105]. A high-level view of
“Genoa-X” is illustrated in Figure 3.6. The 3D-stacked layers of L3 cache sit right on top
of the CPU cores and logically extend the L3 cache. V-Cache™ is particularly effective
for applications that access large datasets that possess large enough data reuse (e.g.,
EDA and select HPC applications).

3.2.3 Settings for Embeddings on “Genoa” and “Genoa-X”

There are multiple settings such as configuration of huge pages, numactl, and OpenMP
that impact the system performance. Getting the correct values for these settings is
critical for optimizing performance of a workload on a CPU-based system. Along with
the threading strategies (to be discussed shortly), we carried out experiments to identify
the optimal knobs for these settings.
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Transparent Huge Pages (THP) is a Linux kernel feature for memory management
to improve performance of the application via large memory pages. Thus, it can, in
principle, reduce the overheads of the Translation Lookaside Buffer (TLB). It operates
mainly in two modes, namely, always and madvise. In the always mode, the system
kernel tries to assign huge pages anytime new page is requested and enough free memory
is available. In the madvise mode, kernel only assigns huge pages when new page is
requested with madvise system call. In our experiments, we used the always mode for
better performance.

Among the available OpenMP settings, “thread affinity” plays a key role in extracting
the best performance since it has direct impact on the proximity of the data to the
processor on which the executing thread is created. Since we have used the OpenMP
constructs for parallelization, the optimal values for the OpenMP environment variables
are essential for getting good performance. Most of the settings are common for all the
three threading strategies discussed later. However, there are few settings which are
specific to different threading strategies. OMP_PROC_BIND variable controls how the
threads are bound and distributed to the places. Available thread affinity policies are
master, close, and spread, whose impacts are more pronounced when using the table
threading and hierarchical threading policies.

On the other hand, OMP_WAIT_POLICY describes the expected behavior of the
waiting threads during program execution. It can take two abstract values: active or
passive. The default value is passive. When set to active, the waiting threads are mostly
active, meaning that the threads consume CPU cycles while waiting (e.g., waiting threads
can spin while waiting). The active wait policy gives better performance for the table
and batch threading schemes, whereas the passive wait policy has an edge for hierarchical
threading.

“numactl” addresses the allocation of memory by Linux kernels across the desig-
nated non-uniform memory access (NUMA) nodes. Also, it restricts the command
or process execution to predetermined NUMA nodes. Employing interleaved memory
policy and strategic confinement of processes across selected nodes using –interleave and
–cpunodebind, respectively, for various threading strategies generates better performance,
as compared to other numactl settings.

Finally, Nodes per Socket (NPS) enhances the capabilities of NUMA. Depending
on the workload, NPS can be configured to achieve optimal performance. With default
setting being NPS1, highly parallel workloads, such as the embedding bag operator,
can benefit significantly by changing the NPS value to NPS4. This partitions the CPU
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into four “NUMA domains” and memory is interleaved across memory channels of every
NUMA domain.

3.3 Load Imbalance in Embedding Bag
As mentioned in Section 3.2.1, the Embedding Bag operator is a combination of table
lookups performed on all embedding tables within the model. For a given model, the
time to process a table depends on two factors: the number of lookups performed per
input and the latency per lookup. Thus, the time per table could vary. Furthermore,
each input can perform a different number of lookups per table, thus even if one assigns
all lookups per input to a thread, there will be varying work per thread. Depending on
the variability of lookups per thread, straggler cores may arise during execution. The
latency per lookup need not be similar, because the data can be found anywhere in the
local cache hierarchy, remote caches (in different CCDs) or DRAM. The table row locality
will influence the cache hit rates and therefore the lookup latency.

In real data sets published by Meta [33], we observe significant variations in model
properties like the number of lookups per input or table sizes. The time to process these
tables on a single core can vary by as much as 57x, as can be seen in Figure 3.10. As
mentioned above, the current implementations of embedding bag kernel depend on the
properties of different tables because each user is processed independently. Thus, the
optimizations proposed using different parallelization strategies (discussed in the next
section) attempt to mitigate the performance impact coming from the “non-uniformity”
in table properties.

Next, we analyze the input data set properties to understand how they impact the
embedding bag behavior. Specifically, we study the recently-released Meta’s DLRM
production traces [33], which we believe are representative of typical memory access
patterns. Previous research efforts [100, 106–109] targeting inference have focused on
input data sets that are limited in various dimensions, involving a small number of tables,
a low pooling factor (number of lookups per user), and a high concentration of hot table
indices. While a recent paper [99] considers more appropriate parameters compared to
past works, it is limited by its homogeneous nature, which assigns every table and user
with the same amount of work and similar memory access patterns.

Meta’s DLRM production traces show significant “non-uniformity” across parameters
such as row sizes, pooling factors, memory access patterns, and time taken per table.
We evaluate a 110 GB sized model generated using the production traces containing 129
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Figure 3.7: Number of tables in various row size bins.

tables (more details in Section 3.5). Figure 3.7 shows the number of tables binned by
row_size and sorted by the number of tables in each bin. It is clear that the model skews
heavily towards tables with row_sizes between 100 and 5 million, which translates to
varying memory capacity requirements per table. For instance, there may be many cases
of a small table with under 4K rows (2MB size) that fit within a 2MB page size.

Table size is one parameter that can influence the work per table. Other factors
can contribute more, such as the number of lookups per user and table row locality of
access. Figure 3.8 shows the behavior of average and maximum “pooling factor” per table.
Average pooling factor is the average number of lookups per user within each table, and
maximum pooling factor is the maximum number of lookups per user within each table.
We observe that users have varying numbers of lookups, resulting in variability between
the average and maximum number of lookups in many tables. Memory access locality also
influences the execution time. Figure 3.9 highlights two important metrics to characterize
memory accesses within a table: unique indices and 10% coverage. Unique indices show
the fraction of table rows touched by the data set, while 10% coverage represents the
percentage of lookups captured by the top 10% of the unique indices. These two metrics
together define the Zipf’s distribution (also called as power law distribution in prior work)
within the data set. We note that both metrics vary between 0% to 100%. A data set can
be classified based on the degree of hotness as “high hot”, “medium hot”, and “low hot”,
as defined in the previous work [99]. A high hot classification means a small number
of rows cover a substantial fraction of the indices, while a low hot situation means the
opposite. It is evident that the production traces exhibit a wide range of hotness levels.

Finally, we study the execution time per table in the embedding bag operator.
Figure 3.10 shows the time taken by each table in descending order. The range is between
40us to 2292us, with an average time of 301us. This wide range is justified by variation of
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table size, number of lookups per table and memory access locality. The execution time
variation per table can result in “load imbalance”, which is mitigated with our proposed
parallelization schemes.

3.4 Parallelization Strategies for Embedding Bag Opera-
tor
The embedding bag operator is critical for DLRM Inference performance. In large-scale
deployments, embedding bag performance can be the primary factor determining if SLAs
are met [99,100]. Motivated by this observation, we introduce two novel parallelization
strategies (called “Table Threading” and “Hierarchical Threading”) for the embedding
bag operator. The default embedding bag parallelization strategy for CPU-based DLRM
systems is referred to as “Batch Threading” [80, 104,110]. We also present a qualitative
analysis of the three strategies (illustrated in Figures 3.11, 3.12, and 3.13), and explain
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the scenarios under which each strategy is expected to outperform the others. An
experimental evaluation/comparison of these strategies is presented in Section 3.5.

We start by observing that the table size influences the number of rows that need to
be stored in the on-chip caches. Each table exhibits different degrees of “hotness”, as
demonstrated by prior works such as [111] and [99]. Furthermore, parameters like the
pooling factor per batch as well as the embedding dimension per table can also differ,
leading to a variable number of rows fetched per batch/table, thus varying the work
assigned per SW thread. Below, we study the new parallelization strategies on state of
the art, chiplet-based CPU multicore systems.
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3.4.1 Batch Threading (BT)

Batch Threading is shown in Figure 3.11, both pictorially as well as in a pseudo-code
format. As stated earlier, this is the default strategy employed in embedding bag
parallelization on current CPU multicores [80, 104, 110]. BT maps batches within a table
to all the hardware contexts (threads). Subsequent tables are scheduled after all batches
in the current table complete. Under BT, tables are processed sequentially as is also
evident from the pseudo-code in Figure 3.11.

Since, under BT (which is the scheme employed in ZenDNN and vanilla PyTorch), the
work per table is spread across all cores, shared hot table rows accessed by different offsets
(and thus threads) can be shared via the shared L3 caches. In the target chiplet-based
CPU multicore architecture, this may lead to high cache-to-cache traffic both within
the same and across Core Complexes and may not utilize well the on-die cache capacity.
In reality, table sizes vary, thus when processing small tables, caches (as well as other
on-chip resources) may not be well utilized. Furthermore, since the work per offset
varies, there can be load imbalance across the threads. Since a batch size number of
threads are created where each offset is a very small amount of work, the threads would
observe significant runtime overheads like fork/join system calls. Motivated from these
limitations, we next discuss new parallelization schemes which attempt to overcome these
problems.

3.4.2 Table Threading (TT)

TT takes a different approach to the parallelization of the embedding bag operator by
assigning the work of each table to a single thread. The work of a table is assigned to
a core only after the work of the previous table is complete. Hot table rows accessed
by different offsets are now accessed via the private core caches (L1 and L2). However,
shared caches (L3) store table rows that do not fit in private caches and can experience
contention among the threads depending on table working set size. Moreover, with TT
the overhead of thread fork/join is amortized over more work, and there is no duplication
of data across private caches.

However the amount of work per table and the table size varies (see Section 3.3)
which can translate to poor load balancing across threads with TT, further differentiating
thread processing times, leading to lower core utilization. In one case where the number
of tables is the same as the number of threads, the overall execution time is determined by
the processing time of the slowest table. Clearly, when the number of tables is larger than
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the number of threads, a careful table-to-thread assignment can improve TT performance.
For instance, note in Figure 3.10 that the maximum over minimum time per table ratio
is 57x.

3.4.3 Hierarchical Threading (HT)

BT is expected to have good load balance; but can suffer from cache to cache traffic
and low cache capacity utilization. In contrast, TT is expected to have better cache
performance but has potential load imbalance. HT strikes a balance between these two
parallelization strategies. Under HT, the tables are distributed across chiplets (called
CCDs1) and the threads (cores) in a CCD operate – in parallel – on the tables assigned
to that CCD, one table at a time. In other words, HT shares table hot rows both via
private caches (as in TT) and shared (L3) cache (as in BT). Unlike BT though, it does
not require cross-CCD traffic for shared hot rows because all threads for the same table
are mapped to the same CCD. If necessary, the table assignment granularity can be less
than a CCD, e.g., 2 cores or 4 cores.

HT can enable good load balancing and good cache performance by carefully mapping
the amount of work per table to the appropriate number of cores (threads).

3.5 Empirical Evaluation
In this section, we present an experimental evaluation of three embedding bag paralleliza-
tion strategies discussed in this paper.

1Recall that, in AMD architectures, a CCD is a cluster of 8 CPU cores that share a L3 cache.
Depending on the particular system, an AMD CPU can have one or more active CCDs per physical
processor.
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Experimental Knob Coverage Values
Number of Tables 192, 384, 576
Size of Each Table 4MB, 8MB, 16MB, 32MB, 64MB, 128MB, 256MB
α value 1.09, 1.15
Batch Size 1K, 2K, 4K, 8K, 16K, 32K, 64K, 128K
Threads per CCD for HT 4, 8
Threading Schemes BT, HT, TT
Pooling Factor 25
Embedding Dimension 64

Table 3.2: Homogeneous Zipf’s distribution based on microbenchmarking coverage set.

3.5.1 Methodology

Datasets: Our experimental evaluation includes both synthetic traces and real-life
traces which are grouped in two categories: “homogeneous” and “heterogeneous”. The
homogeneous datasets follow uniform properties across tables such as the table size,
batch size, pooling factor, α (the exponent parameter), and embedding dimension for a
particular performance run. Since embedding lookup indices are known to follow Zipf’s
distribution [33,104,111], we follow the methodology used in FBGEMM [104] by injecting
indices generated from Zipf’s distribution for measurement.2 Figure 3.14 shows a sorted
histogram of 10000 randomly picked values from a 100 entries using Zipf’s distribution
for three different settings of α. As α increases, frequency of low rank value increases
and frequency of high rank decreases (as shown by the top three values and the last
value). FBGEMM [104] from Meta uses a value of α = 1.09 for inference and α = 1.15
for training. We have shown the histogram in Figure 3.14 for α =1.2 in addition to α =
1.09 and α = 1.15, to highlight how the distribution varies with increasing values of α.
However, we have only used α = 1.09 and α = 1.15 in our experiments. This synthetic
dataset is termed as “homogeneous Zipf” in the remainder of this section. Table 3.2
captures all the performance test parameters that that were covered as a part of the
performance study.

In addition to these datasets, we also used “representative” datasets provided by Meta
in their DLRM dataset repository [33]. This dataset is referred to as “heterogeneous”
because of non-uniformity in table properties such as the number of rows, lookups per
user and memory access patterns. Please check Section 3.3 for quantitative details about

2Zipf’s distribution is found in the linguistic corpus where frequencies of words are inversely propor-
tional to their ranks.
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Figure 3.15: AMD Unified AI Software stack.

non-uniform characteristics present in the heterogeneous dataset. Note that there are
16 different datasets present in [33], and we study all of them in Figure 3.3. However,
for the sake of brevity, remaining heterogeneous dataset discussion uses dataset id 0
unless mentioned otherwise. Further, in the dataset 0, we have reduced the number of
tables from 788 to 129 to fit in the DRAM on the system. Despite using fewer tables, we
ensured that the dataset’s heterogeneity is maintained as can be seen in varying latency
for different tables in Figure 3.10.

Metrics: Recall from Section 3.3 that embedding stage is memory intensive. There-
fore, we believe “Bandwidth” is a representative and comparable metric for performance.
With every batch, the total work with the memory accesses can be thought as the amount
of data to be executed. It can be calculated as a product of model parameters: batch
size, number of tables, pooling factor, embedding dimension and precision of embedding
values. For example, in the homogeneous dataset, it would be (1024) × (96) × (150) ×
(128) × (4) = 7.03 GB. Batch latency means the time it takes to finish 7.03GB size of
work by a given execution scheme. It is to be noted that any change in model parameters
and hardware configuration would impact the batch latency. Thus, comparing batch
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Figure 3.16: HT and TT performance relative to BT for different table sizes using Zipf’s
distribution on “Genoa".

latency across two different settings may not directly reveal the impact on underlying
performance. Consequently, taking inspiration from [104], we use realized bandwidth
as a new metric in our evaluations along with batch latency. Note that the realized
bandwidth (or bandwidth, for short) can be calculated using the formula (amount of
data read)/(batch latency) which is interpreted as the “rate” at which “amount of data”
is consumed, thus having the unit GBps. As a result, this metric allows one to compare
the rate of work done across different model and execution configurations.

Hardware: Our experiments are performed on the “Genoa" and “Genoa-X" archi-
tectures. The detailed descriptions of these architectures as well as system settings for
THP, thread affinity, wait policy numactl and interleave policy have been given earlier in
Section 3.2.

Software Stack: ZenDNN (Zen Deep Neural network) is the primary deep learning
software stack for AMD CPUs. ZenDNN contains optimized implementations of deep-
learning operators including fused operators. ZenDNN augments the capabilities provided
by popular machine-learning frameworks such as Pytorch and Tensorflow and works
seamlessly with them. Developers can use ZenDNN to develop neural network models
and solutions with high performance and deploy at scale on EPYC™ CPUs. ZenDNN
uses AMD AOCL-BLIS (which is an extension of BLAS) for linear algebra functions and
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Figure 3.17: HT and TT performance relative to BT for different table sizes for Zipf’s
distribution on “Genoa-X".

AMD Math library, LibM, for core mathematical functions. ZenDNN is released as part
of Zen Studio software suite for EPYC™ CPUs, and it will be integrated into the AMD
Unified AI software stack (UAI), as shown in Figure 3.15. The optimized embedding bag
implementation will be part of an upcoming ZenDNN release.

3.5.2 Results

We start by presenting, in Figure 3.16, the performance of the parallelization schemes
assuming a Zipf based table access distribution. All results are normalized to BT. We
observe that, for table sizes that fit in the L3 (Table size of 4MB), TT and HT outperform
BT (4.5x and 3x, respectively), because both TT and HT process more work (tables) in
parallel than BT while memory traffic is not high (due to table row locality) enough to
stall execution. TT outperforms HT for the same reason. We expect similar trend for
smaller table sizes that fit in L3. For table sizes between 8M and 32M, HT outperforms
BT and TT (2.3x over BT for 8MB table size). Overall performance is lower than that
of 4MB tables because of more capacity/conflict L3 misses due to the increased data
working set per thread. HT has better performance than TT because of the lower data
working set size per CCD, which leads to less memory traffic. Finally, for large enough
tables (e.g., table sizes of 128MB and 256MB), TT outperforms both BT and HT. Note
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that, the supported Memory Level Parallelism (MLP) per CCD is defined by the number
of L3 MSHRs (Miss Status Hold Registers), and remains independent of the table size or
number of tables assigned per CCD. Therefore, if we assign sufficient table capacity or
number of tables per CCD that does not fit in the L3 but saturates MLP, the fastest
parallelization scheme is the one that processes the most tables simultaneously. We
observe from Figure 3.17 that HT outperforms both TT and BT even for large tables
(256MB). This is because, “Genoa-X"’s much larger cache capacity significantly reduces
L3 capacity/conflict misses and does not saturate the CCD’s MLP, allowing HT to
perform better due to lower overall memory traffic.

Another way to study the impact of capacity is from the perspective of batch size.
Increasing the batch size increases the working set size as we pick up more table entries
from the Zipf’s probability distribution. In Figure 3.18, the BT’s performance benefits
from larger working set size across table sizes since it provides the largest cache capacity.
The HT’s performance benefits from increases in batch size for small table sizes. For
medium sized tables, the HT performance improves until a batch size of 64K and drops
for a batch size of 128K. Also, TT saturates as batch size increases for both medium and
large tables. For small tables, the performance of TT improves until 32K and saturates
for higher batch sizes. On the other hand, for low batch sizes such as 1K (Refer to figure
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Figure 3.21: Parallelization scheme performance with α (α=1.15 vs α=1.09) for different
table sizes.

3.22), TT outperforms both HT and BT. For 4MB, 32MB and 256MB size tables, we see
9.9x, 4.3x and 4x gain over BT, respectively.

The number of tables also impacts execution time. Figure 3.19 shows the performance
scaling of all three schemes with 192, 384 and 576 tables on “Genoa-X". Within each
parallelization scheme, performance has been normalized to that of 192 tables (data is
shown for different tables sizes). All schemes show lower performance as we increase the
number of tables (note that performance metric is the rate at which we process table
data). This is because the amount of fetches required for the pooling operations that
generate the output vectors increases with the number of tables. And, those operations
are expensive because they require cache-to-cache transfers across CCDs (BT) or within
a CCD (HT) or memory accesses. TT maximizes the overlap across pooling operations
and shows less sensitivity to the number of tables.

We also studied the sensitivity of HT to the number of cores per CCD assigned per
thread. Figure 3.20 shows results when assigning a thread to either half (4C) or all cores
(8C) per CCD in both “Genoa" and “Genoa-X" for 192 tables. In the 4C configuration,
2 tables are scheduled on the same CCD, increasing the work processing rate of HT
compared to 8C. Therefore, if the table size fits into L3 (e.g., table sizes of 4MB and
32MB), then the embedding bag is mostly compute-bound and its performance scales
better with 4C in both “Genoa" and “Genoa-X". When the memory traffic dominates
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Figure 3.22: Realized bandwidth relative to DDR bandwidth for “Genoa".

(e.g., 256MB table size on “Genoa"), 8C performs better because of the lack of inter-thread
conflict L3 misses (observed in 4C). Note that the inter-thread conflict L3 misses are
much less of an issue in “Genoa-X" due to its much larger L3 capacity (number of cache
sets), and as a result, 4C performs better.

All the graphs discussed so far have been generated using Zipf’s distribution having
an α=1.09. We also evaluated sensitivity of the parallelization schemes to higher table
row reuse by using a value of α=1.15. In Figure 3.21, we evaluate the performance
change relative to α=1.09 on "Genoa". All values are normalized to α=1.09 for each
scheme separately. When the working set per CCD fits into L3 (e.g., table sizes of 4MB
for all three schemes) there is no or small performance change (TT which suffers from
inter-table interference in L3 sees small performance gain). On the other hand, when the
working set per CCD does not fit into L3, the performance improves due to better table
row reuse across the caches. TT does not benefit for really large tables (e.g., 256MB)
because of very high inter-table interference.

Recall in Figure 3.2 we highlighted the need for improvement in realized bandwidth.
In Figure 3.22 and Figure 3.23 we show the gains of our proposed threading schemes
relative to DDR bandwidth vs Batch threading on “Genoa" and “Genoa-X". On “Genoa",
we have been able to realize 5.7x bandwidth relative to DDR using HT on table size of
4MB for batch size of 64K. For smaller batch size of 1K and 2K for a 4MB table size,
TT generates 3x and 2.5x bandwidth over DDR. HT performs well on “Genoa-X" with
32MB and 256MB tables. We see a realized bandwidth of 3.8x and 1.5x relative to DDR
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Figure 3.23: Realized bandwidth relative to DDR bandwidth for “Genoa-X".

bandwidth for 32MB and 256MB tables, respectively, for a batch size of 128K.
We also studied performance scaling across core counts with heterogeneous data sets

(Meta traces) in Figure 3.24. While BT continues to not scale beyond 16 cores (for
the same reasons as described earlier), TT scales up to 24 cores, achieving up to 1.9x
speedup while HT scales all the way up to 96 cores and achieves up to 2.95x speedup. As
discussed earlier in Section 3.4, HT scales better because it utilizes resources better than
TT. More specifically, with HT, there is no inter-table traffic interference at the L3 cache
(which is significant because of the large table size) and less L3 miss traffic due to lower
working-set per core complex. HT can dedicate more resources (cores + L3 capacity) to
the actively processed tables with 48 and 96 cores. With a total of 129 tables to process
and 48/96 cores, TT will underutilize the available cores and L3 cache for the last 33
tables whereas HT for the last 9 tables only, leading in turn to lower load imbalance.
Also, recall from Section 3.3 that, the work per table heavily varies which leads to large
variation in execution times per core. This is also highlighted in Figure 3.25 which shows
the distribution of time per table in the heterogeneous dataset with HT. The execution
time ratio of the largest over smallest sized table is 4.7x lower, when embedding bag is
executed with 8 cores.
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Figure 3.25: Embedding table latency for different tables.

3.6 Related Work
DLRM [14] has gained a lot of attention in industry since it was first proposed by
Facebook in 2019. Several works have since been proposed to accelerate DLRM training
or inference [18,49,50,99,100,106–109,112–122].

To improve DLRM workloads at scale, prior work identified bottlenecks via profiling
and optimizing end-to-end performance. For example, [113,123,124] focused on DLRM
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training on CPU clusters. They all considered “hybrid parallelism”, which utilized data
parallelism and model parallelism at the same time. Moreover, they tried to reduce
communication overheads for better training throughput.

In addition to CPU-based studies, several studies have also focused on optimizing
DLRM training on GPU clusters. [114, 125–128]. Specifically, [114] optimized the embed-
ding cache using the information of future cache accesses, ensuring that data always reside
in GPU memory. [127] and [126] developed lookahead algorithms to improve caching.
In comparison, [128] improved the collective communication through GPU-initiated
networking and efficiently overlapped communication with computation.

In [129] and [130], authors explored various optimizations for hybrid CPU+GPU
systems, and [18] and [50] optimized training on different hardware platforms, enabling
efficient training of DLRM models. Additionally, [112] proposed and evaluated a system
to reduce the overhead of checkpointing DLRM models during training.

Other research focused on optimizing DLRM inference [99, 106, 107, 111, 115, 131, 132].
For example, [99] explored prefetching, hyperthreading, and overlapping of computation
with memory accesses, to speed up DLRM inference on CPUs. In comparison, [111]
sped up inference by extending the memory hierarchy to Storage Class Memory (SCM)
through Software Defined Memory (SDM). [131] proposed a hierarchical parameter server
that can achieve low-latency inference via the GPU embedding cache and hierarchical
storage architecture. [132] proposed a framework that can find and cache the popular
items using the Item Co-occurrence Graph (ICG) to reduce the memory traffic during
inference.

Due to the extremely large size of embedding tables, many prior works concentrated
on optimizing memory-intensive operators. For instance, [118] optimized data storage
to reduce data stalls during DLRM training. [133] proposed a new data structure for
DLRM training on heterogeneous memory systems, and [134] proposed an optimized
caching mechanism. Additionally, [117] and [109] explored in-storage and near-storage
computing, while [122], [120], and [121] investigated near-memory computing to accelerate
DLRM inference. Further efforts to enhance memory efficiency, including [116], [119]
and [49], proposed embedding- or feature-based optimizations. Finally, [108] improved
cache utilization through various data placement strategies, and [135] proposed a software
cache approach to improve efficiency.
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3.7 Concluding Remarks
General-purpose CPUs are ubiquitous in datacenters and can be cost-effective compared
to GPUs. DLRM inference cycles consume a large fraction of AI cycles in data centers.
Though embedding stage in DLRM is limited by memory bandwidth and capacity, table
indices have been shown to follow Zipf’s distribution which has high potential for reuse.
AMD 4th Generation EPYC™ processors have large caches as well as high DDR capacity
that can benefit the embedding stage. While prior DLRM optimization efforts on CPUs
have used software prefetching and computation overlapping, this paper focuses on
exploiting chiplet-aware threading schemes that better utilize the cache hierarchy. We
propose two novel parallelization schemes (table threading and hierarchical threading)
that scale DLRM Inference on state-of-the-art CPU multicores across the full core count.
We demonstrate up to 9.9x speedup on homogeneous datasets based on Zipf’s distribution,
and 2.95x speedup on heterogeneous datasets. We have been able to realize an effective
bandwidth of up to 5.7x of DDR Bandwidth. Our techniques have been implemented
in the CPU-based ZenDNN library, making them a competitive platform for DLRM
inference. We believe our work sets a new baseline for any future research targeting
DLRM Inference.

65



Chapter 4 |
Load and MLP-Aware Thread Or-
chestration for Recommendation
Systems Inference on CPUs

4.1 Introduction
As mentioned in Chapter 1, a DLRM inference task passes through four stages: embedding,
bottom multi-layer perceptron, feature interaction, and top multi-layer perceptron, as
shown in Figure 4.2. The embedding stage is known to be the most memory-intensive
stage [100, 107, 136–138]. The other three non-embedding stages are compute bound.
During inference, the entire recommendation model is loaded once into main memory
and queries by multiple users are batched. Each inference request generates top-K
recommended items to the users serviced by each batch.

As discussed in Chapter 2 and Chapter 3, the embedding stage accounts for the
majority of execution time [136, 138–140]. Furthermore, it is a latency-critical stage
because of tight user-facing latency requirements [100,115,141]. The embedding stage
consists of a nested loop that loads data in vector registers from various rows of large
arrays/tables and performs additions. Given the irregular memory traffic required by the
embedding stage, performance benefits are limited by increasing the compute resources
of CPU processors. Chapter 2, Chapter 3, and prior works [136,140,142] investigated
parallelization and thread scheduling techniques to optimize the embedding stage in
the context of CPUs. The state-of-the-art CPU parallelization technique for DLRM
inference [140], called hierarchical threading (HT), aims to optimize the embedding stage
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Figure 4.1: Performance scaling of batch threading (BT), table threading (TT), and
hierarchical threading (HT) over homogeneous random and heterogeneous datasets.
Reported speedup is over single core performance. Despite the significant speedup of
HT over BT and TT, absolute speedup achieved over heterogeneous tables is only 13×
(highlighted) and much lower than the ideal speedup of 96×.

Feature Interaction

Top 
Multi-Layer Perceptron

Table 
1

Table 
2

Table 
N

Table 
100

… …Bottom 
Multi-Layer
Perceptron

Continuous Features Categorical Features

Figure 4.2: DLRM architecture consists of four stages: bottom multi-layer perceptron,
embedding, feature interaction, and top multi-layer perceptron.

by mapping the work of each table on a separate CPU chiplet, also called core complex
dies (CCD), for some architectures. The performance benefits of this approach over
prior techniques are mostly due to lower embedding table data replication across private
caches, absence of data replication across per-CCD shared L3 caches, lower capacity
contention at the per-CCD shared L3 caches, and reduced load imbalance across threads.
However, we find that HT does not effectively utilize all of the cores in the system.

Figure 4.1 shows the performance scaling of batch threading [140,143,144] (BT), table
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threading [140] (TT), and HT as the number of cores increases, for two different datasets
(i.e., homogeneous random tables and heterogeneous tables, which are representative
of production tables). As we can observe, HT can provide a 13× speedup with the
heterogeneous dataset using 96 cores. There remains a significant performance gap
between the achieved 13× speedup compared to the ideal speedup of 96×. A detailed
discussion is presented in Section 4.2.2.

We analyze HT and identify three key opportunities. First, due to the heterogeneous
embedding table structure, some CCDs are assigned more work compared to others.
This load imbalance1 across CCDs can cause under-utilization of compute and cache
resources. Second, core utilization can be low because many of the tables do not have
enough associated work to keep all the cores in a CCD busy. Third, tables are not
only heterogeneous in terms of their total work, but also in terms of their data reuse
characteristics. This means that some CCDs utilize their cache capacity better while
they under-utilize their memory-level parallelism (MLP) resources such as miss status
handling registers (MSHRs), while other CCDs saturate their MLP and leave cache
capacity underutilized. As a result, execution achieves lower MLP utilization and thus
lower memory bandwidth, which in turn limits the performance of the memory-bound
embedding stage. To our knowledge, ours is the first work to study the architectural
implications when executing HT with heterogeneous embedding tables and to point out
the inefficiencies leading to multi-core underutilization.

To quantify the impact of table heterogeneity on core allocation, we introduce a heuris-
tic called table load (TL) that approximates the execution time of a table. We use TL to
categorize tables as heavy-weight, medium-weight, or light-weight. Experimental analysis
reveals that light-weight tables experience higher thread-scheduling overheads [145] and
benefit less from more cores compared to heavy-weight tables. To quantify the impact
of table heterogeneity on MLP, we perform a study with more MLP resources (i.e., L3
MSHRs) while other compute resources stay the same and observe significant speedup.
Next, we introduce a new metric called weighted MLP (WMLP) that approximates the
MLP demand of each table.

Based on these analyses, we develop three mechanisms to exploit the identified
opportunities. First, to address low core utilization, instead of always executing the work
associated with a table using all cores of a CCD, we propose to statically allocate a
subset of the cores for each table. Second, to improve MLP utilization, we use two work
queues (one for high- and one for low-WMLP tables) to co-locate tables from different

1HT has low load imbalance among threads in the same CCD.
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Figure 4.3: (a) Number of rows in various row size bins, (b) access pattern behavior for
different tables, and (c) pooling factors for different tables.

queues on the same CCD. Finally, we employ a combination of work stealing and table
reordering mechanisms to reduce load imbalance. To our knowledge, the three ideas
(low-core grouping, MLP-aware scheduling, work stealing and table reordering) have not
been proposed by prior works for DLRM inference.

The combination of these three mechanisms results in a 1.67× performance improve-
ment over HT. Our analyses and evaluation demonstrate that the performance of DLRM
inference on CPUs can be significantly improved with better utilization of core, cache,
and MLP resources in the SoC.

Algorithm 7: Embedding stage kernel consists of five loops. The two outer
loop nests are implemented in Python [146], while the three inner loop nests are
implemented inside the C++ embedding bag operator [147].
1 [1] i in num_batches j in num_tables k in batch_size l in pooling_factor

vec.ld accm; m in embedding_dim vec.ld row_block;
vec.add accm, accm, row_block; vec.st accm;

4.2 Embedding Stage Parallelization Inefficiencies
This section first discusses the DLRM software pipeline and the quantitative properties
of the DLRM inference production traces. Then we discuss prior DLRM parallelization
approaches and quantify their limitations in multi-core scaling. To better understand the
scaling issues, this section analyzes limitations of HT by exploring the following questions:
(1) How prevalent is load imbalance across CCDs? (2) How well does the work of each
embedding table scale with respect to the number of cores? (3) How effectively are a
CCD’s MLP capabilities being utilized? The answers motivate the solutions adopted by
Balance.
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Figure 4.4: Embedding table latencies for different tables.

4.2.1 Overview of Embedding Stage Computation and Dataset

Algorithm 7 shows the embedding stage kernel in pseudo code. Batches are formed from
arriving queries where each batch executes work associated with each table and contains
a batch size number of samples. Each sample executes some pooling operations where a
number of embedding vectors associated with the input indices are first looked up (SIMD
load operation) in an embedding table and then aggregated (SIMD add operation). This
process creates a load-to-add dependency chain. The volume of data loaded per batch is
a function of the model and dataset parameters. For example, with 100 tables, a batch
size of 1024, and a static pooling factor of 150, a total of 7.5GB of data will be loaded
per batch. This substantial amount of data loading has to be completed within tens
of milliseconds, making this stage very memory-intensive, and thus demanding efficient
usage of the memory hierarchy.

Next, we discuss the properties of the DLRM production traces. Prior research efforts
targeting inference [49,100,107,115,136,137,140] have focused on input datasets that
are limited in various dimensions, involving a small number of embedding tables, a low
pooling factor (number of lookups per user), homogeneous (in accessing table rows)
tables, or a high concentration of hot table rows. In contrast, the production traces from
Meta [33] contain hundreds of embedding tables and observe significant variations in
table properties such as the number of lookups per input, row sizes, and memory access
patterns. We refer to this industrial dataset as the heterogeneous dataset.

Figure 4.3 describes various non-uniformities for a 110 GB sized model containing
129 tables. We observe the following: (1) Table sizes range from 100 to 5 million rows,
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which implies diverse memory capacity per table. For instance, tables with memory
capacity under 1MB (2K rows) or 24MB (48K rows) can fully reside in the L2 or L3
caches, respectively. (2) Memory access patterns differ across tables. To quantify this,
we use two metrics: unique indices and 10% coverage. Unique indices show the fraction
of table rows touched by the dataset, while 10% coverage represents the percentage of
lookups captured by the top 10% of the unique indices. It is evident that the production
traces exhibit a wide range of hotness levels that imply varying cache utilizations across
tables. (3) The maximum pooling factor across the tables ranges from zero to 164, which
implies diversity in the raw amount of pooling operations across tables. For instance, a
pooling factor of zero implies that there is no work associated with the table. Finally,
the variations in table size, pooling factor, and memory access patterns influence the
execution time per table. Figure 4.4 shows the sorted normalized execution time of each
table. We observe that the time per table can drastically vary, by as much as 37.8×.
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Figure 4.5: State of the art parallelization techniques.

4.2.2 Limitations of Prior Parallelization Approaches

To accelerate the DLRM embedding stage, shown in Algorithm 7, Jain et al. [136]
proposed parallelizing the embedding stage execution at a coarser granularity by mapping
each batch to a different CPU core. However, given the trend of growing model and
dataset sizes [50,148,149], Nair et al. [140] proposed novel ways to parallelize the work
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assigned to embedding tables as described in Figure 4.5.
BT is the default strategy used by popular frameworks such as PyTorch [144] and

IPEX [143]. BT maps the work of a single embedding table (within a batch) across all
cores in a SoC. Thus, only one table is processed at any given time, allowing the table to
utilize the entire on-chip cache capacity. However, BT can encounter three challenges:
(1) inefficient use of on-chip cache resources due to embedding table data replication
in private and shared caches and due to the presence of tables with a small number of
accessed rows; (2) runtime overheads due to frequent fine-grain thread synchronization to
perform reductions and thread join/fork activity; and (3) load imbalance due to straggler
threads (some users accessing more embedding table data than others).

TT, proposed by Nair et al. [140], assigns the work of each table to one CPU core.
In this case, for an N -core CPU, N tables are processed in parallel. Thus, TT spawns
fewer threads, which reduces runtime overheads and more efficiently uses private cache
capacity. However, TT can suffer from (1) cache thrashing at the L3 cache and (2)
load imbalance because threads process varying amounts of work per table. TT’s load
imbalance is generally much higher than BT, especially when the work of the tables
with many accessed rows is mapped to one CPU core or to the cores of the same CCD
simultaneously.

Finally, HT capitalizes on the advantages and mitigates the weaknesses of BT and TT.
It maps the work of each table to one CCD.2 In this case, for a D-CCD CPU, D tables
execute in parallel. However, HT could still suffer from various issues, as we discuss next.

We study the multi-core scaling of prior schemes as shown in Figure 4.1. “Homogeneous
random” refers to the random dataset used in recent works [136,150–153]. We observe
that HT scales up to 96 cores on both datasets and performs better than BT and TT
by up to 5.2× and 1.56×, respectively. Thus, we consider HT as the most performant
parallelization scheme. However, HT’s performance speedup with the heterogeneous
dataset is 2.6× lower than the speedup over the homogeneous dataset. In addition, HT’s
speedup of 13× is much lower than the ideal speedup of 96× with all 96 cores. Therefore,
there exists a substantial gap (and opportunity) between the achieved and the ideal
performance scaling.
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Figure 4.6: HT is implemented with the PyTorch thread pool. Each CCD is associated
with a task queue and tables are distributed across task queues using round robin
injection.

4.2.3 Unboxing the Design of Hierarchical Threading

To implement HT, the processing of a table is multi-threaded across CCDs using the
“pytorch.jit” library [154]. Specifically, in the top-level python code (Algorithm 7),
“torch.jit._fork” is used to spawn the tasks that process the work of a table, and
“torch.jit._wait” is used to collect the embedding output matrix from each task. These
spawned tasks are managed using PyTorch’s backend C++ thread pool implementa-
tion [147]. A task queue is coupled with a CCD to buffer the tasks to be completed by
the CCD. Once a CCD receives a task, the batch amount of work associated with the
table is multi-threaded across the CCD’s eight cores using the OpenMP library. The
OpenMP parallelization is implemented in the embedding bag operator.

Figure 4.6 provides an overview of HT. First, a list of tables present in the embedding
stage are assigned to tasks as they enter the thread pool. Second, these tasks are
enqueued into different task queues using a round-robin injector that aims to balance
the distribution of tables across the queues. Third, the scheduler dequeues a task from
its corresponding queue one at a time and executes the work using all of the cores of its
assigned CCD.

2In 96-core AMD 4th Generation EPYCTM Processors, a CCD is a group of eight CPU cores that
share a L3 cache. Different AMD CPUs can have one or more CCDs per socket.
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We believe three key issues are present with the HT scheduler:

1. Load imbalance: Because the queues are balanced in terms of the number of tables
and not the execution time for processing the tables, several heavy tables could be
mapped to one task queue. Furthermore, when the task queue associated with a
CCD gets empty, the CPU cores become idle despite tasks pending in other queues.
This issue can lead to straggler threads.

2. Suboptimal core allocation: Despite the non-uniformity of work across tables shown
in Figure 4.3, HT assigns the same number of eight cores for the work of each table.
This leads to a wide variation of per-thread execution time and lower core utilization.
Moreover, tables with less work are more vulnerable to runtime overheads.

3. Memory level parallelism (MLP) imbalance: When the work of a low-reuse table
executes on a CCD, L3 cache MLP resources (such as MSHRs) could get over-
subscribed and create backpressure on the CPU cores. Similarly, when multiple
low-reuse tables execute together on different CCDs, memory bandwidth could
be saturated. On the other hand, when high-reuse tables execute on one or more
CCDs, L3 cache MLP and memory bandwidth resources could be underutilized.

4.2.4 Modeling and Characterizing Table Workloads

Because HT maps the work of each table across CCDs without considering the per-table
work, it is possible that many heavy tables are mapped to one or a few CCDs, creating
load imbalance issues. For example, in the worst-case workload distribution scenario, we
observed that the CCD with the highest workload performs 37.8× more work than the
CCD with the least amount of work, causing severe underutilization in the remaining
eleven CCDs. Thus, we need to make more efficient work per table-to-CCD assignments.

For a given model and data set, the load or work per table is impacted by the
embedding dimension, batch size, pooling factor, and memory access patterns. To
effectively differentiate the work across tables, work can be modeled as a function of
pooling factor and memory access patterns. Pooling factor defines the gather-reduce
operations per table (Algorithm 7). However, pooling operation time depends on the
latencies of the underlying loads, which could be significantly high with low-reuse table
row access patterns [136]. To quantify the work associated with a given table, temporal
locality can be used to estimate the load instruction latency.
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Figure 4.7: Reuse distance based analytical model to calculate the average memory access
time of the loads accessed in an embedding table.

To approximate the work per table, we take inspiration from Jain et al. [136] and
introduce a heuristic called the table load (TL) that is the product of average pooling
factor (APF) and average memory access time (AMAT). For a given batch size, APF
is calculated by averaging the total table row indices accessed in the batch. Figure 4.7
describes how to calculate AMAT: (1) track table row indices as a proxy for unique
memory addresses visited and collect a trace of all touched table row indices in the first
batch; (2) calculate reuse distance over this trace by tracking the number of unique row
indices touched in between two instances of the same row index; (3) calculate AMAT
by marking each row index access as a cache hit or miss, and attaching an average cost
expressed in time units. We assume an embedding dimension of 128 elements (512B)
and an average cost of 30 time units for a L3 hit and 450 time units for a L3 miss based
on memory latency measurements on actual silicon [155], thus giving a ratio of 1:15
for on-chip versus off-chip access. Further, we identify row index accesses as hits or
misses by simulating a fully-associative, 32MB L3 cache with LRU replacement. This
effectively defines the maximum recorded reuse distance to be 32MB/512B = 64K row
index accesses.

To illustrate the above steps, consider a sample table with an APF of 81.3. The model
outputs the on-chip cache hit rate as 67.4%. Thus, AMAT is (67.4× 1 + (100− 67.4)×
15)/100 = 5.57 and TL can be calculated as 81.3× 5.57 = 452.7. Figure 4.8(a) depicts
the AMAT values for a list of sample tables, and confirms the presence of heavy variation
across the reuse behavior within tables. Also, Figure 4.8(b) compares the TL metric
with the measured execution time and the high correlation provides high confidence in
its applicability. Notably, prior studies [50, 116] have estimated the work per table using
only APF and have missed the impact of temporal locality. In contrast, we account for
both and that enables us to more accurately compare the work across tables. Specifically,
Figure 4.8(c) illustrates that TL and APF values vary across tables. For example, while
the execution time for Table ID 3 is only 56% higher than Table ID 6, the APF of the
former is 3.6× larger than the latter, resulting in significant inaccuracies when comparing
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Figure 4.10: Deviation study of embedding stage execution time across 120 batches.
Minimal deviation is observed.

the work across tables. AMAT more closely approximates the work per table.
Finally, we cluster tables based on their TL. Figure 4.9 sorts the tables in descending

order of their execution time and categorizes them into heavy, medium, and light-weight
classes using TL. This categorization helps reduce load balancing across CPU cores
by avoiding straggler threads assigned the work of heavy tables as described later in
Section 4.3.

Discussion on applicability of TL: We believe that it is sufficient to derive the TL
value from profiling a few batches because we note that table properties, like execution
time, APF, and AMAT, exhibit minimal variation across batches. Figure 4.10 confirms
the robustness of TL across batches. If the DLRM embedding tables are updated, which
may happen every few hours after serving hundreds of thousands of batches [49, 149],
the TL metric can be very quickly regenerated over the table row access patterns of
new batches. Furthermore, the TL metric is more accurate compared to other profiling
techniques [156,157], which depend on silicon-specific profiles such as actual cache hit
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up to 8 cores, the work of a low reuse table stops scaling after 4 cores.

rates or incur additional runtime overheads. The TL metric approximates work per table
based on properties of the application and high-level table row-level reuse profiles.

4.2.5 Per Table Multi-Core Scaling Behavior

The previous section studied the per-table heterogeneous behavior, especially in terms
of execution time and reuse of per table row accesses and found wide variations across
tables. We now study how the work per table scales with the number of cores per CCD
because HT maps the work of each table to all cores per CCD (8 cores in our target
SoC). Figure 4.11 shows the scaling of embedding tables over various core counts. We
note that five tables benefit from using all eight cores, 35 tables benefit from six cores,
and the remaining long tail of 89 tables benefit from two or four cores. Thus, only a
small fraction of tables can fully utilize all eight cores, confirming that prior schemes
tend to over-provision the number of cores for the majority of the tables.

To identify the minimum number of cores needed for optimal scaling of a table,
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Figure 4.12: Speedup using 2, 4, and 8 cores over tables sorted in descending order of
work per table (TL).

Figure 4.12 plots the realized speedup of per-table work using 2, 4, and 8 cores. The
tables, in the x-axis, are sorted in descending order of their TL. We note that tables
with larger TL benefit from more cores. In other words, there is a correlation between
speedup and TL. Thus, we can use the TL metric to cluster tables based on the optimal
number of cores, as shown in Table 4.1.

Core Count TL > 33 33 ≤ TL < 7 TL ≤ 7
2 1.6 – 1.9x 1.5 – 1.6x 1.3 – 1.5x
4 2.5 – 3.5x 2 – 2.5x 1.5 – 2x
8 3 – 5x 2 – 3x 1.5 – 2x

Table 4.1: TL can predict the range of performance scaling for any given table.

4.2.6 Microbenchmarking Memory Level Parallelism

To complete the gather-reduce tasks as part of the pooling operation, the CPU cores
are essentially dependent on the rate of data supplied by the memory hierarchy. This
highlights the importance of understanding how memory access patterns coupled with a
given memory hierarchy organization impacts multi-core scaling. Figure 4.11(b) evaluates
the intra-CCD multi-core scaling for two extreme table row access patterns. We observe
that the tables with high reuse behavior (high hot data set) scale up to eight cores.
However, tables with low reuse behavior (random data set) do not scale after four cores.
This suggests a resource limitation in the L3 cache’s ability to exploit the MLP needed
to service the off-chip requests generated after more cores are tasked to execute the work
of the tables.
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Figure 4.13: Eight thread execution using multiple CCDs with TT over different memory
reuse patterns.

To highlight the limited L3 cache MLP per CCD, we conduct a systematic experiment
that isolates the number of cores from the memory hierarchy. We do this by fixing the
number of threads and cores to eight and vary the number of CCDs to increase the
available memory hierarchy for the eight threads. Specifically, we utilize the eight cores
by distributing the threads across CCDs. Figure 4.13(a) highlights how eight threads
can be distributed across one or more CCDs. It is important to note that even though
the number of cores remains the same, the memory hierarchy observed by the threads
highly differs. For example, when eight threads are using a single CCD, they share the
L3 cache capacity and MSHRs. However, when eight threads are mapped to one core per
each of eight different CCDs, each thread uses the entire L3 cache capacity and MSHRs
which can minimize the number of misses and maximize the number of simultaneous
miss requests per thread.

Given that any two embedding tables do not share data, we use TT for the 8-core
scaling experiment. This prevents any sharing of data among threads of the same table.
Figure 4.13(b) shows the multi-core scaling of TT for low-reuse and high-reuse tables.
Speedups up to 7.7× are achieved over the low-reuse case, confirming that higher L3
MLP helps in increasing the data supply rate to the cores. This is mainly due to an
increase in outstanding L3 cache misses because multi-core scaling for the high-reuse
tables, which have lower memory footprint and better cache hit rates, saturates with two
cores.

Because MLP requirements vary per table, the MLP resources per CCD could get
oversubscribed. Thus, it becomes useful to predict the MLP demand per table and
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Figure 4.14: Weighted memory-level-parallelism (WMLP) metric models the amount of
MLP demand of each table.

leverage this information by the thread scheduler. We develop a new metric called
Weighted-MLP (WMLP) that captures the MLP required for a table. It is defined as the
product of TL and L3 cache hit ratio (%). Figure 4.14 shows the WMLP variation across
tables, which ranges from 0 to 46600. Tables with high pooling factors and high cache
miss rates generate a large WMLP. On the other hand, tables with low pooling factors
and low cache miss rates have a small WMLP. A few tables, which have zero pooling
operations, exhibit a WMLP value of zero. Overall, significant variations in the WMLP
are observed.

4.2.7 Key Architectural Insights for CPU Multi-Core Scaling ineffi-
ciencies

Based on the above characterization study, the following architectural insights can be
drawn:

• Drastic differences in the work per table are possible, which can lead to load
imbalance across CCDs. The work per table can be accurately modeled using the
TL heuristic, which could be used to better map the tables onto cores.

• Allocating eight cores per table is excessive for the majority of tables. Instead,
an appropriate amount of cores can be predicted based on the TL of each table.
Specifically, two or four cores per table could help better utilize the cores.

• Available MLP in a given CPU impacts the multi-core scaling. The WMLP metric
predicts the MLP demand of each table and can be used to distribute low-reuse
tables across CCDs to improve scaling.
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Figure 4.15: Balance is demonstrated for two-core grouping. Tables are injected into the
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the work of heavy (HWMLP) and light (LWMLP) tables based on a cutoff point. At any
point in time, each CCD is assigned only one HWMLP table and one or more LWMLP
tables. Work stealing improves load balancing by allowing a CCD to seek work from a
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4.3 Load- and MLP-Aware Thread Scheduling
In this section we describe our novel thread scheduler called “Balance.” We modify the
original HT-based thread pool implementation (Figure 4.6) by adding WMLP-based
table ordering, MLP-conscious task scheduling using two task queues across all CCDs per
SoC, low core grouping per table and work stealing. Figure 4.15 shows an overview of our
proposed thread scheduler. Note that the embedding stage execution is bulk synchronous
and therefore its performance is dictated by the total completion time of all tables and
not by the completion time of individual tables.

Low-core grouping. Figure 4.11 showed that the number of cores, beyond which
performance of per-table work does not scale, varies across tables. If the work per table
does not scale up to all cores in a CCD, the unused cores can be assigned to work on other
tables, enabling higher resource utilization per CCD. Low-core grouping allows per-table
work to be mapped to the minimum number of cores needed to scale performance. In
order to keep the HT scheduler complexity down, we propose a simplified static allocation
of either two or four cores per table. Figure 4.15 shows a two-core allocation for all the

82



tables. Once a new task is received, the work associated with the table is mapped onto
the designated number of cores (two or four) by leveraging OpenMP threads. Compared
to eight-core grouping in HT, since the work per thread is two and four times higher in
the four-core and two-core grouping, respectively, we expect lower runtime overheads
compared to HT.

MLP-aware scheduler. Embedding tables exhibit different MLP requirements as
noted in Section 4.2.6; therefore, for each inference task, we separate the tables into
two groups: HWMLP and LWMLP. Each group is sorted in descending WMLP order.
The scheduler employs two queues. Tables from the HWMLP (LWMLP) group are
injected into the HWMLP (LWMLP) queue. The work for each table is mapped to two
or four cores based on its predefined core grouping. The scheduler first starts mapping
the HWMLP tables across the CCDs in a round robin fashion, limiting a maximum
of one HWMLP table per CCD. This limit typically leaves enough MLP capacity for
LWMLP tables to be co-located on the same CCD. Figure 4.15 shows an example with
one HWMLP table co-located with three LWMLP tables in every CCD. This approach
provides a good tradeoff between maximizing the number of tables being scheduled
simultaneously and utilizing MLP resources per CCD. Note that if we fully utilize MLP
resources per CCD, we also maximize memory bandwidth usage across the SoC because
memory bandwidth depends on the in-flight requests sent by all the CCDs to main
memory.

The MLP-aware scheduler has several advantages over the baseline HT scheduler.
First, it uses only two queues instead of a number of queues equal to the number of
CCDs in the SoC. This reduces scheduling overheads, which is now independent of
the number of cores per CCD. Second, low-core grouping maximizes core utilization.
Third, MLP-conscious scheduling allows for higher utilization of MLP and on-chip cache
resources per CCD. Fourth, the combination of MLP-conscious table scheduling and
low-core grouping improves load balancing compared to the baseline HT because it allows
for a more balanced distribution of work across the CCDs. In contrast, the HT scheduler
maps each table to a CCD independent of its MLP or compute requirements. Fifth,
the Balance scheduler avoids scheduling multiple HWMLP tables onto the same CCD,
therefore reducing the probability of straggler threads compared to the HT scheduler.

Work Stealing. Even though MLP-based table scheduling balances the work
assignment across the two task queues, there can still exist cases where load imbalance
may arise if, in one inference task, a HWMLP group contains far fewer tables than the
LWMLP group. This scenario can lead to cases where one of the task queues is empty
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Figure 4.16: Speedup of Balance with two and four-core grouping over HT using various
core counts and batch size of 1024.

while the other still has more work to schedule. In order to address this, we employ work
stealing. When one of the queues (HWMLP or LWMLP) is empty, we steal the work of
a table from the other queue. Thus, the scheduler will continue scheduling work from
both queues.

Synergy between Balance scheduler features. We believe each of the above
proposed features can complement each other. To understand this, we consider three
pathological scenarios: (1) if a DLRM inference task includes a skewed distribution of
embedding tables (e.g., HWMLP versus LWMLP), MLP-conscious table reordering and
work stealing ensures that Balance efficiently distributes tables across cores, lowering
the chances of straggler threads; (2) if a DLRM inference task must process embedding
tables with very small TL values (similar to the tail in Figure 4.12), low-core grouping
ensures that cores remain utilized; (3) if an inference task processes embedding tables
with either very high-reuse or very low-reuse memory accesses, MLP-aware scheduling
ensures that caches and MLP resources remain highly utilized. Thus, we expect Balance
to perform better in all of the above challenging scenarios compared to a HT scheduler.

4.4 Methodology
Model and Datasets: We use an embedding dimension of 128 and a batch size of
1024 (unless mentioned otherwise). Our experimental evaluation includes two sets of
traces classified as “homogeneous” and “heterogeneous.” The homogeneous dataset
exhibits uniform properties across tables such as table size, batch size, pooling factor, and
embedding dimension for each inference task. More specifically, we consider an inference
task with 96 embedding tables, 500K rows each, and 150 lookups per user (pooling
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Figure 4.17: Speedup scaling for Balance with two and four-core grouping over single
core Balance and batch size of 1024.

System Sockets 1
PCIe 128 lanes Gen5

SoC Cores per SoC 96
CCDs per SoC 12
Memory BW 460GBps across 12 DDR5 channels
Memory Capacity 768GB per socket
TDP 360W

CCD Cores per CCD 8
L3 per CCD 32MB

Core L1 Cache (instr/data) 32KB/32KB
L2 Cache 1MB
L3 Cache 4MB
DTLB entries (L1/L2) 2048/3072
Frequency 3.5GHz

Table 4.2: 96-core AMD 4th Generation EPYC Processor Configuration [3].

factor). The homogeneous datasets are obtained from [136] and are categorized based on
reuse as high hot, medium hot, low hot, and random. The heterogeneous datasets are
production traces from Meta [33] and possess non-uniform properties across tables such
as table size, pooling factor, and memory access patterns, as described in Section 4.2.1.
For a batch size of 1024, a total of 128 batches are run, where the first eight batches are
marked as cold execution due to initial function calls and performance is averaged over
the later 120 warm batches.

Hardware: Table 4.2 describes the hardware configuration of our system setup. In
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Figure 4.18: Speedup of Balance with four-core grouping against HT over various core
counts and batch sizes (BS).
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Figure 4.19: Speedup of Balance with two-core grouping against HT over various core
counts and batch sizes (BS).

all of our evaluations, performance is studied for a one-socket processor. A core complex
die (CCD) refers to a group of eight cores sharing a L3 cache in our target CPU.

Software: PyTorch (v1.13.1) is source-compiled along with the ZenDNN library
featuring an AVX512-based embedding bag operator implementation. GCC 11.4.0 is
used for code compilation. Our setup runs under Ubuntu®/Linux®
(Ubuntu 22.04.2 LTS) with the 5.19.0-32-generic kernel.

System: We enable Transparent Huge Pages (THP) and frequency boost. SMT
and stream hardware prefetchers (L1 and L2) are disabled. THP is enabled to take
the address translation overhead out of the critical path of the embedding bag (EB)
kernel. This increases DTLB hit rates and, as a result, batch latency improves by 20-30%.
Stream prefetchers do not help with the irregular memory traffic associated with the
EB kernel. SMT does not help the EB kernel performance due to limited MLP per
thread [136].
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4.5 Evaluation
In this section, we evaluate the performance of the Balance scheduler. Given that HT
is the most performant parallelization scheme for the embedding kernel of DLRM, we
compare HT against Balance using two-core and four-core groupings. The two (four)
core grouping allows for a maximum of four (two) tables to be processed per 8-core CCD.
All evaluations are conducted using the heterogeneous datasets.

4.5.1 Main Results

Here we evaluate the threading schemes over a model with 129 tables. Figure 4.16
compares Balance and HT for a batch size of 1024. Balance with either four or two-core
grouping achieves up to 1.3× and 1.41× speedup over HT for a 24-core configuration
while scaling stagnates with more cores mainly due to the higher memory traffic in the
data fabric (DF, network on chip) as we schedule work on more CCDs. However, the
four-core grouping improves performance over HT even with 96 cores. Performance
scaling over a single core with Balance (and stagnation at 48 cores) is also shown in
Figure 4.17.

To increase the work per thread, we evaluate larger batch sizes (2048, 4096, and 8192)
as shown in Figure 4.18 and Figure 4.19. Four-core grouping achieves consistent speedup
over HT across all batch sizes and core counts, while two-core grouping does not always,
especially with larger batch sizes. This is because two-core grouping allows a larger
number of tables to be processed in parallel generating more L3 misses and DF memory
traffic at a given core count than four-core grouping. Figure 4.20 and Figure 4.21 show
similar comparisons but over a single core implementation. A higher batch size implies
more work per table, and thus better amortizes thread creation/deletion overheads
allowing Balance to better scale performance. Performance improvements over single
core peaks at 21.65× with a 8192 batch size. Thus, Balance is able to achieve 1.67×
better scaling over 96 cores compared to HT with batch size of 1024. Moreover, the
absolute embedding bag kernel latency under Balance is 2.5msec, which can better meet
real-time latency requirements.

In Figure 4.19, Balance with two-core grouping does not achieve consistent perfor-
mance improvements with higher core count and batch size. A similar observation is made
with table threading and 96 cores (Figure 4.1). This performance anomaly is because a
few high-work tables are mapped to the same CCD, taking longer to complete the task.
Our initial studies found that varying the cutoff point impacts performance. Thus, we
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Figure 4.20: Four-core grouping speedup over a single core.
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Figure 4.21: Two-core grouping speedup over a single core.

expect modifying the cutoff point can prevent this behavior via better distribution of the
tables over CCDs and two-core worker groups.

4.5.2 Sensitivity Studies

In this section, we evaluate threading schedulers over a DLRM model with 400 tables.
1) Impact of cutoff point and work stealing: Figure 4.22 shows the performance of

work stealing in the Balance scheduler with a batch size of 2048 and 48 cores under
various cutoff points. Without work stealing, we observe wide performance variations
across the cutoff points. The deviation is higher for two-core grouping because the latter
is more sensitive to uneven table distribution.

Performance deviation is largely reduced under work stealing because it dynamically
balances the load across the workers. In addition, work stealing at the optimal cutoff
point improves performance by up to 1.5× and 2.06× for four- and two-core grouping
schedulers, respectively. We also note that work stealing was invoked 35.4 and 71.2 times
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Figure 4.22: Impact of cutoff point and work stealing.

per batch by the four- and two-core grouping Balance schedulers, respectively. To keep
the load balanced, the two-core grouping Balance scheduler coupled with a 1:3 worker
ratio invokes work stealing more often than the four-core grouping.

2) Boost in embedding stage performance: Figure 4.23 compares the performance of
Balance over HT for batch sizes of 1024 and 2048. Similar to Figure 4.18 and Figure 4.19,
Balance continues to outperforms HT, especially with the four-core grouping scheduler,
especially at the highest core counts.

3) Memory bandwidth utilization: Figure 4.24 compares the memory bandwidth of HT
and Balance schedulers in a 48-core and 2048 batch size configuration. Balance schedulers
achieve higher memory bandwidth utilization than HT by improving cache utilization
(lower traffic to DRAM and faster execution time). However, two-core grouping sees a
higher memory bandwidth utilization of 1.39× even though the performance improves
only by 1.2×. Because two-core grouping schedules up to four tables per CCD, it
frequently suffers from higher shared L3 cache miss rates compared to four-core grouping,
resulting in higher memory bandwidth due to higher traffic to DRAM.
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4.6 Discussion and Future Work
Applicability of Balance on non-AMD CPU-based SoCs: We believe that Balance
is applicable to CPU-based SoC architectures that do not group cores in CCDs. The
idea of core grouping is independent of the CCD architecture and primarily depends
on embedding table properties. The WMLP ordering metric depends on both table
properties and L3 miss rates. The L3 miss rates can be estimated using either a logically
shared or distributed L3 cache. The ordering may be different, depending on the L3
architecture, but the WMLP-based table ordering metric is still applicable. HWMLP
versus LWMLP table partitioning is also independent of the CCD architecture because it
maps all tables into 2 queues (as opposed to a number of queues matching the number
of CCDs in HT). Work stealing is independent of the SoC architecture. Finally, the
allocation of threads to cores in Balance is aware of the CCD core count and the isolation
offered across L3 partitions. However, it can be modified to better suit a shared L3
architecture. In one example, a Balance scheduler can virtually partition a shared L3 into
fixed size clusters of N cores and schedule the tables to groups of consecutive, available
cores to minimize inter-core communication latency and cross L3 NoC bandwidth.

Training: In DLRM training with GPUs, as shown in prior work [50,53,116,158],
communication overhead has been found to be the biggest performance bottleneck due
to load imbalance. To resolve this, prior work has approximated the work per table with
the pooling factor only. In contrast, as shown in Section 4.2.4, our TL heuristic more
accurately captures the workload by accounting for off-chip memory accesses. Thus, for
DLRM training, we expect our TL heuristics to balance table placement over a large
pool of GPUs.

4.7 Related Works
Several prior works [28, 49, 100, 106, 107, 115, 121, 122, 132, 136–138, 140, 159–162] have
studied and optimized DLRM inference, including DLRM inference on CPUs [100,107,
115,136,140]. Jain et al. [136] proposed mapping each batch to a CPU core. However,
the work per batch increases with larger models (containing more embedding tables
and higher embedding dimensions) and data set sizes, thus making it difficult to meet
real-time latency targets. Nair et al. [140] proposed parallelization of a batch using table
threading (TT) and hierarchical threading (HT) and achieved significant performance
improvements. However, as mentioned in Section 4.2.4, HT can suffer from scalability

91



issues, which can be resolved using our proposed Balance scheduler.
Various prior works have developed accelerators [28, 106,109,121,122,160–164]. How-

ever, these proposals require custom silicon and demand considerable time and effort to
bring to market, which makes it challenging to adopt them given the rapidly changing
model parameters. Instead, Balance requires only software changes and runs on CPUs,
thus making it much easier to deploy.

4.8 Conclusions
Optimizing DLRM inference for CPUs can provide significant value to data center
efficiency as well as improve user experience. Therefore, understanding the inefficiencies
in existing DLRM inference tasks is important. The heuristics and performance metrics
developed in this work (TL heuristic and WMLP metric) have been successful in mitigating
the inefficiencies. In addition, we demonstrate how load imbalance across threads and
CCDs, suboptimal core allocation for embedding tables, and inefficient utilization of MLP
resources can be addressed by our proposed mechanisms and techniques. We believe our
analyses and proposed solutions can open up further opportunities not only in optimizing
DLRM inference, but also workloads with similar irregular memory access patterns and
MLP characteristics.
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Chapter 5 |
Pushing the Performance Enve-
lope of DNN-based Recommenda-
tion Systems Inference on GPUs

5.1 Introduction
As highlighted in Chapter 1, modern recommendation systems provide personalized
suggestions to enhance user experience through Deep Learning Recommendation Models
(DLRM) [14]. The growing importance of DLRMs is evident in their widespread deploy-
ment by hyperscalers for both training and inference. This translates to a significant
portion of AI inference cycles being dedicated to DLRMs [100], while being deployed on a
variety of platforms including CPUs( [34,100,136,140,159]), GPUs( [28,34,107,115,137]),
and accelerators( [28, 106, 121, 122, 160–162]). While Chapter 2, 3, 4, and prior
works [99,140,165] optimizes the single- and multi-core thread execution on CPUs, the
compute parallelism and memory bandwidth of CPUs remain inherently limited. With
the ever-increasing compute and memory requirements of DLRMs, it is increasingly
being preferred to execute them on GPUs [28,34] due to their efficient parallel processing
capabilities. However, with growing model and dataset sizes, efficient utilization of GPUs
for improving the performance of inference applications, as will be shown in this paper,
is insufficiently investigated.

DLRMs primarily comprise four stages: embedding, bottom multi-layer perceptron
(MLP), feature interaction, and top MLP. The latter three stages are marked as non-
embedding stages. Prior works [100,107,136,137,140] have shown that the embedding
stage is memory intensive (due to frequent and irregular memory accesses) and the
non-embedding stages are compute intensive.
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Figure 5.1: Shown is the degradation in inference performance as hotness lowers (working
footprint decreases) from left to right. The numbers inside the bars indicate the embedding
stage contributions. Here, OptMT provides higher WLP which enhances performance
over off-the-shelf PyTorch (base). Yet, a significant gap continues to exist compared to
the fastest loads (one item case). We cite this as the research gap.

Using the latest off-the-shelf PyTorch-based embedding bag CUDA kernels over an
A100 GPU, we conduct an extensive characterization study over the latest DLRMs with
production datasets. These experiments reiterate that the embedding stage continues to
bottleneck the inference performance as shown in Figure 5.1. GPUs are well-known for
their Multi-Threading (MT) or Warp-Level-Parallelism (WLP)1 support to hide memory
latencies with computation [166]. Unfortunately, the available parallelism is not enough.
We observe up to 3.2× embedding-only performance slowdown when comparing ‘random’
with the ‘one item’ case (referring to the fastest case where all embedding accesses point
to one row in a table, leading to ∼100% cache hits). This sub-optimal MT is observed in
both ready-made packaged and source-compiled PyTorch implementations as they suffer
from register pressure (details mentioned in Section 5.3.3).

To test if increasing the parallelism can address this issue, we synthetically increased
the parallelism level to an optimal amount (Optimal MT (OptMT)).2 We did so by
lowering the register allocation per warp using available compiler optimizations. Although

1We use MT and WLP interchangeably in the paper.
2Note that due to register spilling optimal MT may not be the maximum WLP supported by the

GPU. We quantify this effect in Figure 5.6.
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it did improve the performance (reduction in batch latency) by 53%, as seen in Figure 5.1,
OptMT is insufficient as a significant performance gap continues to remain between the
‘one item’ and ‘random’ cases. Looking under the hood with detailed profiling (described
in Table 5.4), we observe that both off-the-shelf PyTorch and OptMT implementations
underutilize the “warp issue slots" and “average HBM read bandwidth", demonstrating
that the kernel is memory latency bound.

Previous DLRM-based works have cited the memory-bound issue arising due to em-
beddings, and have developed heterogeneous platform-based scheduling frameworks [107,
115,137,167], distributed inference strategies [43,149], accelerator designs [28,106,121,
122,160–162], and algorithmic-system designs [?,?, 53,114]. However, they are limited
to either using out-of-the-box kernels or highly skewed (exhibiting high temporal reuse)
datasets, and none of the prior solutions address the long latency load stalls arising on a
GPU platform. Towards this, we explore easy-to-adopt design solutions by asking the
following question: Given the high adoption of GPUs by hyperscalars [168] even while
being expensive, can we develop cost-friendly software techniques that are both application-
and architecture-aware to alleviate the memory bottleneck?

Building on our understanding of the unique characteristics of DLRMs, we leverage
the features of modern GPUs to make the following contributions:

• To the best of our knowledge, ours is the first work to study the architectural
implications of DLRM inference on GPUs and to point out the microarchitectural
inefficiencies leading to memory latency bottleneck (our research gap). Our in-depth
characterization shows that out-of-the-box PyTorch DLRM implementation has
several performance-related inefficiencies. First, out-of-the-box kernel is plagued
with long latency load stalls (later described as long scoreboard stalls), leading to a
significant performance gap across the spectrum of memory access patterns. Second,
the kernel suffers from register pressure leading to limited WLP. The number of
hardware registers is simply not enough to support the maximum number of warps
allowable. Even if we allow an optimal number of warps by reducing register
allocation per warp, there is plenty of scope for reducing latency further. That
is, even optimal number of warps is simply not enough to hide the long memory
latencies.

• We show that memory latency (not bandwidth) is a major performance-limiting issue
for DLRM performance (embedding bag CUDA kernel). On top of optimal WLP,
we present two plug-and-play hardware-software co-design based optimizations: (i)
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by leveraging the bandwidth headroom of modern GPUs, their hardware-supported
scoreboarding, and multiple memory resources as buffer stations, we perform
Prefetching to hide memory latency stalls, and (ii) by taking advantage of known
apriori power-law distribution in embedding accesses, we perform L2 Cache
Pinning to pin the most frequently accessed entries by exploiting the new L2
cache residency control feature on GPUs. Further, we show these two designs can
complement each other.

• We evaluate and compare the benefits of the proposed techniques. In isolation,
prefetching and L2 pinning improve embedding lookups by up to 97% and 62%,
and end-to-end inference by up to 73%, and 48%, respectively. Moreover, pinning
and prefetching complement each other, and when combined, improve embedding
lookups by up to 103%, and end-to-end inference by 77%. Finally, with their
synergy, the worst-case performance gap significantly lowers by 163% over base
PyTorch, and 53% over OptMT. Also, we believe our proposed designs can be
generally applied to a wide range of memory-bound kernels.

5.2 Background
In this section, we discuss (1) the architecture of a modern recommendation system, (2)
the key microarchitectural features of the latest GPUs, and (3) the related works on
improving the DLRM and memory-bound kernel for GPUs.

5.2.1 DLRM Inference Using GPUs

Many industries use GPUs to execute DLRM inference [28,34,107,115]. The primary
steps in inference involve (1) a one-time loading of the complete model onto the GPU
memory, (2) feeding the input batches (each batch is large and comprises a group
of samples) to the GPU, and (3) executing the inference to predict the top-k items
for each sample within a batch. For large models exceeding the memory capacity of
one GPU, multiple GPUs/nodes are used with model and data parallelism [50, 158].
Regardless of the number of GPUs used, each GPU executes one or more embedding
tables serially [146,169].

Figure 5.2 shows a simplified diagram of a typical DLRM [14, 100]. Each sample
comes with continuous (e.g., age, location) and categorical features (e.g., movie genre,
item id). Former are fed to the Bottom MLP stage while latter are fed to the Embedding
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Figure 5.2: A schematic of a DLRM architecture. The continuous features (e.g., age,
location) are processed by Bottom MLP, and categorical features (e.g., movie genre, item
ID) by the Embedding Stage. Their outputs are combined in the Feature Interaction
Stage, and then fed into the Top MLP, which predicts top-k items with highest Click
Through Rate (CTR).

Stage. The feature interaction stage merges (concatenation/dot product) the outputs of
the previous two stages, and feeds it to the Top MLP stage, generating the top-k items
with the highest predicted CTR (Click-Through Rate). Several past works highlight the
embedding stage to be memory intensive ( [?, 121, 122, 136, 140]) and non-embedding
stages to be compute intensive [107].

5.2.2 Key Properties of GPU Microarchitecture

GPUs, also known as throughput processing engines, contain a hierarchical array of com-
pute cores (CUDA cores). Figure 5.3 shows a simplified diagram of the GPU organization.
Modern GPUs (Nvidia based) contain 100s of SMs (Streaming Multiprocessors) [30,170],
and each SM offers 4 SMSP (Streaming Multiprocessor Sub-Partition). Each SMSP is
associated with a warp scheduler and provides the capability to issue one eligible warp
every cycle while maintaining a queue of resident warps, thus facilitating WLP or MT.
Further, a scoreboarding mechanism [171] is adopted in the core pipeline to promote
instruction level parallelism (ILP). The memory organization of each SM consists of: (1)
a large register file storing the context of all resident warps, allowing zero overhead warp
switching and (2) a private cache shared among all residing warps. All SMs share an
L2 cache and an off-chip memory. Additionally, Nvidia GPUs (Ampere generation and
onwards) provide a unique programmer-controlled L2 access management for setting-aside
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Figure 5.3: Simplified Nvidia A100 GPU organization.

a region for persisting accesses [172]. Section 5.4.3 guides on how we take advantage of
this feature for a performant embedding stage execution.

The efficiency of DLRM execution is heavily influenced by the unique properties
of GPUs. All the stages have parallel implementations to reap benefits of the massive
number of CUDA cores. Also, the high bandwidth memory (HBM) helps in meeting
the heavy off-chip access requirements for the embedding stage. Additionally, a modest
on-chip cache hierarchy helps in capturing the locality in memory accesses. Table 5.1
shows the access latencies [4] for different access locations. Note that fetching data is
more costlier compared to CPUs. Table 5.2 shows the L1 and L2 cache capacities in
server-grade and powerful GPUs. Note that the cache sizes are much larger in the latest
GPUs. For example, (1) A100 offers 1.5x and ∼7x large sizes over V100 for L1 and L2,
respectively, and (2) RTX 4090 offers ∼12x large L2 cache over RTX 3090 Ti.

Table 5.1: Access Latencies for various levels of the A100 GPU memory hierarchy based
on [4].

Access Location Access Latency (cycles)
Register 1

Shared Memory 29
L1D cache 37.9
L2 cache 261.5

Global Memory 466.3
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Table 5.2: Cache capacities for server-grade GPUs.

Device LLC cache size (MB) L1 cache size (KB)
A100 40 192
H100 50 256
L40 96 128

RTX4090 72 128

5.2.3 Related Works

DLRM Optimizations: Prior works [107,115,137,167] have looked into scheduling
frameworks and heterogeneous platforms for inference serving and [43] discusses the
system design for effective distributed inference. [?, ?, 114] considers highly skewed
(exhibiting high temporal reuse) dataset cases and proposes algorithmic and system
designs for effectively using GPU’s main memory. However, none of the prior works have
studied the microarchitectural implications of DLRM inference on a GPU. Our work
improves the embedding table performance via on-chip optimizations for a diverse set of
access patterns(Figure 5.5), making it orthogonal, and thus it can be combined the prior
works.

Accelerator designs: [28,106,121,122,160–162] have proposed targeted custom
solutions for MLP and embedding stages in DLRMs. However, these proposals require
substantial time and effort to commercialize, making it difficult to adopt with the fast
changing model parameters. With GPUs being widely adopted [168], our plug-and-play
solutions can be instantly leveraged (Section 5.4).

Scheduling and Virtualization: Several warp and CTA scheduling works have been
proposed in the past [173–175] to improve GPU performance by hiding memory latencies
effectively. Most of these works focused on improving cache and memory contention
or finding optimal thread-level parallelism. We show that even on the recent A100
GPUs, latency hiding capability is limited due to the limited register file (Section 5.3.3).
Register-file virtualization techniques [176–178] have been proposed in the past to address
the issues related to limited register file. However, they are implemented in GPU
hardware and often have non-trivial overheads. In contrast, we provide a complementary
software-only solution (prefetching and pinning) that is aware of both GPU application
and underlying hardware (Section 5.4).

Prefetching on GPUs: Given that GPU memory bandwidth is limited, data
prefetching needs to be done carefully to result into any performance benefits. Prior works
on GPU prefetching [179–182] consider this issue and show performance improvements.
However, to the best of our knowledge, there is no prior work that considers software
prefetching in GPUs that is particularly tailored for emerging applications such as DLRM
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(Section 5.4.2).
L2 Cache Management: Recently, with Nvidia’s Ampere architecture and on-

wards [30,170], the GPUs feature a CUDA/PTX-based programmer control for L2 cache
management [172]. [183–185] uses the L2 cache control for improving GEMM, LSTM,
fully-connected and convolution-based kernels. In contrast, our paper proposes to apply
this feature for embedding stage by pinning the most frequently accessed embeddings
(Section 5.4.3).

5.3 Dissecting Embedding Bag execution on a GPU
For better understanding the inference behavior on GPUs, this section discusses: (1)
the parallel implementation, work partitioning, and mapping of the embedding stage on
CUDA threads; (2) a quantitative study of memory access patterns used in production
deployments; and (3) the architectural implications of off-the-shelf and optimal-MT
PyTorch-based DLRM inference on GPUs, catering to a variety of memory accesses.
Finally, we conclude that memory latency continues to remain a challenge, and motivate
towards optimizations addressing this issue to achieve better performance.

5.3.1 Parallel Implementation of the Embedding Bag Operator

The embedding stage of DLRM involves numerous parameters, and understanding how
each one affects the performance is crucial. To illustrate this, Algorithm 8 highlights
the high-level working of the embedding stage. Arriving queries create “batches", where
each batch is expected to meet the SLA target. For each table, the batch contains
a batch size (BS) number of samples, and each sample involves a pooling factor (or
lookups per sample) amount of work over the embedding vectors of length equal to the
embedding dimension (ED). At the core, each sample does a gather (load) and reduce
(accumulation) operation. The amount of data processed in each table can be calculated
as (BS) × (average lookups per sample) × (ED) × (precision). For example, for our
chosen configuration (described in Section 5.5), the amount of data processed per table
is 2048 × 150 × 128 × 4B = 150 MB. Consequently, the complete embedding stage
processes 37.5 GB of data. With the inference running on a GPU, the gather-reduce
operations are executed in a Single-Instruction-Multiple-Threads (SIMT) manner, thus
exploiting parallelism.

To better understand the incorporated parallelism, Figure 5.4 breaks down the em-
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Algorithm 8: Simplified memory access loop for the embedding stage on GPU.
for v in 0 ... num_batches do

for w in 0 ... num_tables do
for x in 0 ... batch_size do

for y in 0 ... lookups_per_sample do
SIMT load accm on register;
for z in 0 ... embedding_dim do

SIMT load row_block on register;
SIMT add accm, row_block;

SIMT store accm to memory;

... 

.. 

..  

.. 

..

.. 

..   T1

Batch 
Size

Algorithm 2: Simplified irregular memory access 
loop in the CUDA Embedding_Bag operator
begin = offsets[bag];
end = offsets[bag+1];
for (idx:begin à end):

weightRow = indices[idx];
weightValue = weightFeat[weightRow];
weightSum += weightValue;

output[bag][featureDim] = weightSum;

𝑬𝟏 		𝑬𝟐 			𝑬𝟑𝟐 			𝑬𝟏𝟐𝟕	𝑬𝟏𝟐𝟖

T2

Tn

Embedding Dimension

Warp 1 Warp 4

... 

... 

... 

... 

... 

Figure 5.4: Parallel implementation of embedding stage by work partitioning across
CUDA threads. Here, 1000s of CUDA threads independently work on one output matrix
element.

bedding stage execution into three parts. First, for any number of embedding tables
to be completed by one GPU, they are processed sequentially. Second, the embedding
bag operator is used to process a table (using PyTorch’s backend CUDA kernel "Embed-
dingBag_updateOutputKernel_sum_mean" [27]), which generates an output matrix of
dimension (BS) × (ED). Intuitively, we can visualize that, within a batch, each sample
and each embedding element is independent of the other. Thus, a CUDA thread works
on each embedding element. In this off-the-shelf kernel, we note a static execution launch
configuration with a grid size of (1024,1,1) and a block size of (32,8,1). This results in a
large number of CUDA threads, and thus, fully uses all the SMs provided in the latest
GPUs (e.g., the 108 SMs in A100). Warps are automatically formed in the GPU by
combining adjacent CUDA threads. For example, with an embedding dimension of 128,
4 warps are formed to process a sample. Third, Algorithm 2 (Figure 5.4) highlights the
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Figure 5.5: Coverage study for different memory access patterns: it shows the % of total
accesses (y axis) that are covered by the % of unique accesses (x axis).

work within a thread which encapsulates a “number of lookups" amount of gather-reduce
operations (thus each thread partially completes the two innermost loops in Algorithm 8).
Fundamentally, the gather is similar to a pointer-chasing operation as we access a series
of arrays to complete it (the offset array, followed by the indices array, followed by
the embedding table). Thus, this operation results in the irregular loads which have a
significant impact on (and causes variation in) the performance of the embedding stage
(Figure 5.1).

5.3.2 Quantitative Study of the Memory Access Patterns
Embedding accesses in DLRMs follow a “power-law" distribution where a small portion of
embedding table entries services a large fraction of accesses [100,107,136]. In our study,
we use the datasets from a recent work [136], which extracts homogeneous datasets using
Meta’s production traces [33].

Building on prior works [100, 107, 116, 136], we investigate various memory access
patterns encountered in real-world industrial settings and categorize them based on their
degree of "hotness". To understand hotness, we define two metrics that classify memory
access patterns within datasets: unique access % and coverage study. For a given table,
unique access % represents the proportion of distinct accesses compared to the total
number of accesses. Essentially, it measures the variety across memory locations accessed
within the table. Thus, considering a total of R accesses (number of rows in a table) and
U unique accesses, the unique access % is calculated as U×100/R. Table 5.3 shows each
dataset’s unique access %. Note that one item and random are “synthetic" datasets; the
former corresponding to the case where all indices match and point to the same entry in
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a table, whereas the latter means all indices are uniformly distributed within a range of
[0, R). Thus, unique accesses range between 0 to 100%, being lowest for one item and
highest for random.

Table 5.3: Unique access % in each dataset.

Datasets one item high hot med hot low hot random
unique access% 0.0002 4.05 20.50 46.21 63.21

Further, the distribution of the unique accesses influences the actual memory access
pattern. Figure 5.5 shows the coverage study by noting how much total accesses get
covered by a given number of % unique access. For example, in the one item case, one
embedding covers all 100% accesses (making the trend across x-axis uniform), whereas,
in the high hot case, 10% of the total unique items are sufficient to capture 68% of the
total accesses. Regardless of the hotness, it is important to note that the total memory
access count remains the same in each of these datasets. Thus, it is fair to compare
the performance of different datasets while ensuring the same amount of observed loads.
Using these two metrics, it can be noted that, for a given table, the hotness decreases
from ’one item’ to ’random’, causing an increase in the working set size and total number
of irregular loads.

5.3.3 Architectural Implications of Embedding Bag on a GPU

Previous subsections have highlighted the amount of parallelism offered in the embedding
bag operator and how it leverages the GPU for execution. Modern GPUs [186,187] provide
larger caches and HBM capacity, which directly help embeddings data reuse behavior
and bandwidth needs. In this spirit, various previous works [107,115,116,137,158,188]
have used GPUs for DLRM inference and training. However, to our knowledge, no
prior work has conducted a detailed profiling to study the ’microarchitecture behavior’
of DLRM execution on GPUs. Specifically, given that DLRMs are generally memory
bound [100,107,136], it is important to thoroughly verify whether the primary application
kernel is effectively utilizing the GPU’s resources. With this motivation, we carefully
investigate the embedding bag kernel Figure 5.4 [27] using Nvidia’s Nsight Compute
Tool (NCU) on an A100 80 GB GPU. Since various memory access patterns affect the
memory-bound behavior, we evaluate multiple datasets (Table 5.3).

Table 5.4 describes the off-the-shelf PyTorch characterization using various NCU
metrics. Recall that Figure 5.1 highlighted that random performs 3.2× slower than
the fastest one item case, even though both observe the same number of loads. This is
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Table 5.4: Microarchitectural characterization of Base PyTorch on various datasets. With
74 registers allocated to each CUDA thread, the WLP is limited due to the register
pressure.

NCU metrics/datasets one
item

high
hot

med
hot

low
hot

random

Kernel time (us) 138 237 341 428 442
#load insts (M) 2.47 2.47 2.47 2.47 2.47
SM Throughput % 71.45 41.27 26.65 21.23 20.42
warp cycles per executed
inst

7.06 11.7 17.56 21.94 22.86

long scoreboard stall (cy-
cles)

1 7.2 13.1 17.7 18.6

issued warp per scheduler
per cycle

0.77 0.47 0.31 0.25 0.24

Global L1$ hit rate % 98.7 42.74 30.11 20.36 19
L2$ hit rate % 99.46 93.96 59.5 18.71 7.7
Device Memory size
read(MB)

0 4.87 45.96 122 144.57

Avg HBM Read
BW(GBps)

∼0 20.8 135 286.5 329.5

Avg HBM Read BW Uti-
lization (%)

∼0 1.04 6.75 14.33 16.5

because the SM or compute throughput is heavily impacted by random accesses. With
the decrease in hotness (one item to random), the data reuse gets reduced [136], causing
an increase in the warp cycles per executed instruction. As each CUDA thread performs
a pooling factor amount of gather-reduce operations, a load-use dependency arises. We
look into the breakdown of warp cycles and inspect the long scoreboard stall cycles to
exactly capture these dependency stalls. For all datasets except one item, the warp
cycles are mainly constituted from the long scoreboard stalls. The absolute stall cycles
are impacted by the amount of data captured by the caches. Note that both warp
cycles per executed instruction and long scoreboard stalls are averaged over all executed
instructions, and so they cannot be directly compared to the memory latency values
in Table 5.1. As one item dataset has a minimal working set (512B), it experiences
much lower stalls due to best cache locality. However, both L1 and L2 cache hit rates
significantly drop as the hotness lowers, increasing the amount of data read from the
device memory. Therefore, the average bandwidth demand is significantly higher towards
the random dataset, reaching up to 329.5GBps. Further, the peak read bandwidth
(measured using Nvidia Nsight Systems [189]) achieved is 510GBps for the random case.
However, this observed bandwidth is small compared to the theoretical peak bandwidth
of HBM (2TBps). This significant disparity makes us suggest that the Embedding Bag
operator is a memory latency-bound kernel.

The Nvidia A100 GPU is based on compute capability 8 [186], meaning that one
SM houses up to a maximum of 64 resident warps. These resident warps enable WLP
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primarily helping in hiding any kinds of stalls. We observe that the PyTorch CUDA
kernel [27] uses a high number of registers (74), and thus suffers from the register pressure,
leading to a low theoretical occupancy of 37.5% (or 24 resident warps per SM). Figure 5.3
indicated that one SM contains a total of 4 warp schedulers, meaning that each scheduler
gets to work with only 6 warps, even though the hardware supports a maximum of
16 warps. The metric “issued warp per scheduler per cycle" (also called as “issue slot
utilization") captures the number of issued warps every cycle, which is a function of both
WLP and warp cycles per issued instruction. Similar to the SM throughput, it decreases
as the hotness lowers. Thus, even though the CUDA kernel encounters significant long
scoreboard stalls, the application lacks in providing effective WLP, limiting the hardware’s
capability to hide these stalls.

Since higher WLP could potentially better mitigate the memory latency, we force
the compiler to strategically limit the allocated registers during compilation, resulting in
more warps to be resident in one SM, eventually improving the WLP. To achieve this, we
compile PyTorch with “-maxrregcount maxreg" [190] flag, where the “maxreg" amount of
allocated registers is enforced by the compiler. However, with lower registers in use, now
register spilling occurs. The compiler spills the registers to local memory which in turn
penalizes the performance. By varying the number of registers, we can sweep through
different WLP configurations as seen in Figure 5.6. Here, we capture the performance
improvement over different datasets. Higher WLP helps in gaining performance with
maximum gain at 40 resident warps (denoted as OptMT). Also, higher improvements are
seen for low hot and random cases as they require more latency hiding. Further, even
though 48 and 64 resident warps provide better WLP, the performance drops due to an
increase in register spilling. The impact of register spilling is measured in terms of local
memory loads. In the baseline PyTorch (24 warps per SM), all loads/store accesses go
to the global memory and none to the local memory, meaning that all the embedding
accesses are served from the global memory. However, with an increase in WLP, the
register spilling increases, causing an increase in the local memory loads which hurts
performance. Thus, there is a clear tradeoff between WLP and the spilling penalty. For
instance, in the high hot case, 64 resident warps per SM underperform (compared to the
baseline) as the spilling penalty overshadows the potential benefits from multi-threading.

Table 5.5 describes the microarchitectural characterization for OptMT. For one item,
the performance matches the off-the-shelf PyTorch. For the remaining datasets, the
performance significantly improves with the rise in SM throughput. The metric “warp
cycles per executed inst" is slightly higher compared to the baseline for two reasons: (1)
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Figure 5.6: Synthetically varying the number of registers allocated to improve WLP. The
primary y-axis is speedup over off-the-shelf PyTorch, and the secondary y-axis is the
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to the highest speedup at 40 warps.
Table 5.5: Microarchitectural characterization of Optimal-Multithreading (OptMT)
PyTorch on various datasets. With 42 registers allocated to each CUDA thread, the
register pressure lowers and the WLP significantly improves. Still, a performance gap
exists between the fastest and slowest loads.

NCU metrics/datasets one
item

high
hot

med
hot

low
hot

random

Kernel time (us) 135 189 250 282 290
#load insts (M) 3.54 3.54 3.54 3.54 3.54
SM Throughput % 71.89 54.93 39.3 34.72 33.84
warp cycles per executed
inst

10.61 15.2 20.93 24.74 25.44

long scoreboard stall (cy-
cles)

1.33 8.6 15.3 19.6 20.4

issued warp per scheduler
per cycle

0.79 0.59 0.42 0.36 0.35

Global L1$ hit rate% 98.7 37 27.2 19.85 19
L2$ hit rate % 85.36 92.3 56.51 16.48 7.1
Device Memory size
read(MB)

0.3 7.5 54.1 131.9 151

Avg HBM Read
BW(GBps)

2.57 43 226.5 485.4 547.5

Avg HBM Read BW Uti-
lization (%)

∼0 2.2 11.3 24.3 27.4

with the increase in more resident warps, there exist times when multiple warps are ready
and not selected, thus causing an increase in the “Stall Not Selected" stalls; (2) with
the increase in warp switching and local memory accesses, more cache thrashing occurs
for global accesses as visible with a slight decrease in cache hit rates, leading to a slight
increase in the “long scoreboard stalls". Based on the latter reason, the total reads from
device memory also slightly increases. Finally, the HBM read bandwidth increases to
meet the higher demand from WLP. While our approach using limited register allocation
demonstrates performance gains compared to the baseline, the “issue slot utilization" for
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the lower hotness cases remains significantly less than the one-item case. This observation
suggests that even with the enhanced warp-level parallelism (WLP), memory latency
continues to be a bottleneck.

5.3.4 GPU-specific Key Microarchitectural Insights

The following key insights emerge from the preceding microarchitectural characterization
study on an A100 GPU:

• Due to the variations in memory access patterns, a significant performance gap
could exist across the spectrum of memory access patterns. In the baseline (or
off-the-shelf) PyTorch, this gap is visible and arises from the long scoreboard stalls
due to high cache misses.

• Although GPUs are equipped with high multi-threading support, the off-the-shelf
CUDA kernel suffers from register pressure and fails to provide enough WLP.

• The WLP can be increased by forcing the compiler to lower the allocated registers.
However, it comes at the cost of a performance penalty from register spilling. Peak
performance gain is seen with 40 resident warps (marked as OptMT).

• OptMT lowers batch latency by up to 53% over the baseline with visible benefits
in the SM throughput. Yet, the “issue slot utilization" continues to see a high gap
between the fastest and slowest loads.

• The average read memory bandwidth increases with OptMT, yet it remains small
compared to the peak of HBM. Thus, we can conclude that the embedding bag
operator is memory latency bound on the GPU.

Thus, the best WLP contained within an application is insufficient in fully hiding the
long latency loads. In the following section, we discuss two complementary techniques to
minimize the memory latency further.

5.4 Optimizations to Improve the Warp Scheduler Issue
Slot Utilization
For bridging the gap in the issue slot utilization across the ends of the memory access
spectrum, in this section, we first describe the limitations of existing hardware and
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software approaches. We then propose an application-driven software prefetching strategy
and discuss how it can take advantage of various memory resources as buffering stations.
Following that, we propose an L2 pinning strategy to overcome the potential shortcomings
of prefetching. Finally, we describe how prefetching and pinning can work synergistically.

5.4.1 Limitations of Off-the-Shelf Solutions

To deal with memory bound kernels, GPUs employ: (1) WLP and zero-overhead context
switching to keep executing useful work even when a warp stalls; (2) large cache line
sizes (128 bytes) which help in exploiting spatial locality; (3) a scoreboarding mechanism
which helps to issue and execute consecutive instructions without stalling the pipeline
until a dependent instruction is reached; and (4) scratch-pad memory and L2 cache
with explicit programmer control for intelligent data placement and reuse. While the
off-the-shelf CUDA kernel takes advantage of (1), (2) and (3), it still lacks in performance,
as previously highlighted in Section 5.3.4.

To take advantage of (3) and (4), an optimizing compiler or application-specific
software development can help. An optimizing compiler would try to come up with a
valid reordering of instructions to improve performance. For instance, compiler could
hoist independent instructions between a load and use dependency and thus promote
scoreboarding to minimize pipeline stalls. In this direction, loop unrolling could be useful
as it broadens the scope of finding independent instructions using later iterations. However,
when testing the optimal compiler (in O3 level), we note that inserting “#pragma unroll"
does not have any positive impact on performance because of the runtime-dependent
loop bounds (Figure 5.4). Furthermore, the compiler cannot directly manage the scratch
pad or L2. We believe these challenges open the door for application-specific software
optimizations which can take advantage of specific hardware features of GPUs.

5.4.2 Application-Driven Data Prefetching

Data prefetching is a classic technique to improve performance for memory latency-bound
kernels and has been well-adopted in both software [191] and hardware [85,192]. However,
on-chip prefetching in GPUs is uncommon, due to GPUs extensive reliance on WLP
for latency hiding [166]. Also, unlike CPUs, GPUs do not employ dedicated on-chip
hardware-based prefetching engines. Thus, the CUDA programmer can develop tailor-
made prefetching solutions for their application while minimizing its overhead challenges.
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Figure 5.7: Buffer locations used for various prefetching schemes. A CUDA thread is
shown executing SMPF, a batch of 10 prefetches(P) are launched every 10th iteration,
and a reduce(R) operation every iteration.

To comprehensively explore the design space of prefetching, we formulate a series of key
questions as discussed next:

What to Prefetch? Recall that Section 5.3.1 highlighted the presence of the gather-
reduce operations (forming a load-use dependency chain) as part of pooling operations
performed by each CUDA thread. Here, the gather operation is an indirect load (pointer-
based load) and spans a variety of memory access patterns (Table 5.3), which leads to
long scoreboard stalls (Tables 5.4 and 5.5). Thus, this gather operation is our prefetch
target. During the kernel launch of the embedding bag operator, each CUDA thread
receives an offset and indices array. These two arrays essentially provide each thread with
the complete set of addresses it will need to load data from. Consequently, by leveraging
this knowledge of future access patterns before the actual loads are required, we can
insert 100% accurate prefetches.

Where to Prefetch? Ideally, for the goal of latency hiding, we would like to prefetch
the data as close to the CUDA core pipeline as possible. However, the hardware could be
limited in resources, and thus it is wise to consider a variety of locations for storing the
prefetches (buffer stations). Figure 5.7 shows a total of 4 buffer stations – register, shared
memory, L1 D$, and local memory. We do not pick L2 since its access latency is quite
high (261.5 cycles [4]). Note that each buffer station has pros and cons. Specifically, in
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INITIALIZE: bfr0, bfr1, pf_cnt = 0, 

begin = offsets[bag], end = offsets[bag+1];

START:

for (idx:begin → end):

  int trigger_prefetch = pf_cnt%2;

  if (trigger_prefetch == 0){

    weightRow = indices[idx];

      bfr0 = weightFeat[weightRow];

      weightRow = indices[idx+1];

      bfr1 = weightFeat[weightRow];

  }

  pf_cnt = pf_cnt + 1;

  switch(trigger_prefetch){

    case 0: weightValue = bfr0;

    case 1: weightValue = bfr1; }

  weightSum += weightValue;

output[bag][featureDim] = weightSum;

INITIALIZE: prefetch_bfr[256][10], 

begin = offsets[bag], end = offsets[bag+1], 

pf_cntr = 0;

START:

for (idx:begin → end):

  int trigger_prefetch = pf_cntr%10;

  if(trigger_prefetch==0){

     #pragma unroll

     for (int zz = 0; zz < 10; zz++){

      weightRow = input[emb + zz];

      prefetch_bfr[thread_id][zz] = 

                             weightFeat[weightRow];

     }

    }

  pf_cntr = pf_cntr + 1;

  weightValue = prefetch_bfr[thread_id]

                                      [trigger_prefetch];

  weightSum += weightValue;

output[bag][featureDim] = weightSum;

a) Register-based Prefetching b) Shared Memory-based 

    Prefetching

Figure 5.8: Prefetching implementations: (a) RPF (b) SMPF

terms of access latency, the register is optimal, whereas, in terms of size, L1 D$ and local
memory are optimal locations. Note also that local memory is the scope of a variable,
and the data can reside in L1/L2/HBM [193]. We design and implement prefetching
for all 4 buffer locations, and use the following abbreviations: RPF for Register-based
Prefetching, SMPF for Shared memory-based Prefetching, LMPF for Local memory-
based Prefetching, and L1DPF for L1D$ Prefetching.

How and When to Prefetch? Fundamentally, we want to issue a prefetch much
ahead of its demand to hide the worst-case latency (timeliness property). Also, as
mentioned at the beginning of the section, GPU employs a scoreboard mechanism for ILP.
In the CUDA program, one can take advantage of it by manually reordering the instruction
stream to pack a batch of needed load instructions. Towards this, for RPF, SMPF, &
LMPF, (1) we mimic prefetching with the ahead-of-time issue of the demand loads and
storing the data into a buffer station, thus the prefetch becomes the producer of the data,
and (2) when this data is consumed by the reduce operation, it fetches it from same buffer
station. Based on this understanding, Figure 5.8 shows a simplified implementation of
the RPF and SMPF schemes on top of Algorithm 2. LMPF can be similarly implemented.
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For L1DPF, we use a PTX-based intrinsic “prefetch.global.L1" [194] to prefetch the data
into L1D$, similar to commonly used CPU intrinsics [191]. To achieve timeliness (and
ultimately optimal performance), we vary the prefetch distance to find the optimal value.
Figure 5.9 evaluates the prefetch distance for the SMPF scheme over various datasets
and finds the optimal prefetch distance as 10.

Countering the Potential Overheads? As discussed above, by systematically
navigating the search space, prefetching can find the optimal design points and improve
performance. However, various overheads could arise: (1) With the addition of software
prefetch support, the total instructions executed could increase, leading to increased
computation. For example, a 37.2% overhead is observed in SMPF. (2) Many prefetch
distance choices could degrade the performance. For example, in Figure 5.9, a distance
of 1 hurts the performance for all datasets. Also, similar to [175], a large distance could
create LSU stalls. Furthermore, injected prefetches could hurt the locality of other parts
of the code. (3) With the optimal prefetch distance of 10 in Figure 5.9, for random
case, while the long scoreboard stalls significanlty reduce from 18.6 cycles(Table 5.4) to
4.6 cycles, the remaining stalls suggest suboptimal timeliness. (4) For a given buffer
station, we are limited by either the size or latency it offers. For example, while the
register access is fastest (Table 5.1), their limited count can become a bottleneck, as
noted with limited WLP and register spilling (Section 5.3.3).(5) Though not in our case,
any scope of inaccurate prefetching or unavailability in off-chip bandwidth headroom
could hurt performance by causing cache pollution [182] or throttling of demand memory
requests [195].

Therefore, through a combination of profiling-based study and empirical tuning,
we establish a high-performance prefetching strategy that delivers 100% coverage and
accuracy. Yet, various overheads (like extra instructions and increase in bandwidth
demand) and sub-optimal timeliness could hold. To resolve these, in the next subsection,
we propose L2 pinning which can complement prefetching.

5.4.3 Application-Aware L2 pinning

Traditionally, GPUs have prioritized compute cores over cache capacities while relying on
WLP for tolerating long latency stalls. However, with the rise of new applications (e.g.,
those based on deep learning) and larger chip areas, modern GPUs are witnessing an
increase in cache capacities (Table 5.2). Further, Nvidia GPUs (from Ampere architecture
onwards) have recently released support for CUDA programmer-based L2 cache access
management (residency control [172], which enables a portion of the L2 cache to be
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Figure 5.9: Performance impact of prefetch distance in SMPF.

T1

T2

Tn

1. Offline identification of top 60k hot indices
2. Load top 60k hot indices into GPU’s memory
3. Launch a CUDA kernel to prefetch and pin
       hot embeddings
4.   Launch the embedding bag CUDA kernel

…

Figure 5.10: High-level design of L2P

used for persistent data access). Given that off-chip memory accesses are very costly
(Table 5.1), a programmer with the knowledge of the underlying memory access pattern
behavior can mark the persistence of high-reuse regions that otherwise may suffer from
thrashing. Given that the memory accesses in the embedding stage follow a Power Law
distribution (Figure 5.5), we propose an L2 pinning (L2P) design that can benefit from
L2 residency control for the embedding accesses. Towards this, we first discuss the design
and implementation, and then discuss the performance expectations and associated
overheads.

What, When, and How to Pin? In an A100 GPU, a maximum of 30MB (75%
of L2) can be set-aside for residency control, while the remaining (at least 10MB) is
completely hardware managed. To promote the highest locality, we propose using the
complete 30MB for storing the most frequent embedding vectors. Since each embedding
vector is of size 512KB, thus a maximum of 60K embedding vectors can be pinned in L2.
Figure 5.10 shows the high-level design for L2P. We conduct an offline profiling to identify
the top 60K hot indices present for each dataset which are used as candidate embedding
entries for pinning. In the beginning of the inference server, these indices can be loaded
into the GPU’s main memory. The embedding tables are processed sequentially, and each
table follows two steps: (1) launch a CUDA kernel that prefetches and pins embedding
vectors corresponding to the hot indices, and (2) launch the default embedding bag
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Figure 5.11: Detailed study of L2 pinning over various pooling factors. Speedup is
reported over off-the-shelf PyTorch.

CUDA kernel. We use the inline PTX instruction "prefetch.global.L2::evict_last" [194],
which takes an address as input, loads the associated cache line into L2, and marks the
eviction policy as “evict_last". Setting this eviction policy allows the marked/chosen
data to persist in L2 over others. For instance, during an eviction event in L2 for a set,
the marked cache lines are less likely to be kicked out. Thus, the embedding stage is
expected to observe lower access latency for a majority of the memory accesses (261
cycles over 466 cycles from Table 5.1).

Performance Expectations and Overheads? Although hardware caches capture
hotness to an extent (Table 5.4), we expect L2 pinning to further enhance locality by
avoiding: (1) L2 cold misses for hot indices, and (2) thrashing of highly reused embeddings.
Moreover, the effectiveness of hardware caches is impacted by the batch and pooling
sizes (based on the model and scheduling policy) where smaller sizes lead to lower reuse
situations. As expected, L2P improves over the baseline, yielding more benefits in lower
pooling cases, and performs slightly better for the med hot case (Figure 5.11).

Clearly, embedding access patterns can change over time, potentially reducing the
effectiveness of L2 pinning. To address this challenge, similar to prior research [49], we
can update the pinned data periodically. This ensures that the L2 cache always stores
the most frequently accessed elements, maximizing the benefit of pinning. The overhead
of storing the top 60K indices for every table on a GPU is minimal. For example, for 250
tables, it would be 250×60K×8B = ∼120MB. Finally, the overhead of the L2P kernel is
small and can be hidden by overlapping it with the CPU pre-processing required before
the embedding bag kernel launch.
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5.4.4 Synergy between Prefetching and Pinning

In this subsection, we discuss how prefetching and pinning can symbiotically work with
each other, and thus further improve upon embedding bag’s memory-latency bound
regime. While prefetching hides the long load latency by bringing the demand loads
ahead of time near the CUDA core pipeline (registers, shared memory, or L1D$), it
still suffers from suboptimal timeliness and puts pressure on the off-chip bandwidth.
Similarly, even though pinning lowers the load latency by bringing and holding the
frequently-accessed embeddings in the L2 cache, it still lacks because (1) 30MB of L2
set-aside cannot fully cover the working set required by the datasets, especially in the
low hot and random cases, and (2) access latency with L2 is significantly high (261.5
cycles; see Table 5.1), compared to registers, shared memory, or L1D$. When combined,
prefetching strengthens pinning by providing 100% coverage and faster access to the
CUDA core pipeline, and pinning bolsters prefetching by improving the timeliness while
cutting down on HBM requests.

5.5 Methodology
Hardware: Table 5.6 captures the hardware properties of our real-system evaluation
setup.

Table 5.6: System specifications used for evaluation
CPU AMD EPYC 7763
RAM 1 TB
GPU Nvidia A100-SXM4-80GB

# SMs 108
Register File per SM 64K × 32 bit

L1D Cache size 192KB
Shared Memory size up to 164KB

L2 Cache size 40MB
Device Memory 80GB, HBM2e

HBM Bandwidth 1.94TB/s

Software: PyTorch (v2.1.0) [196] is source-compiled on a Linux/Ubuntu machine
with CUDA Driver Version: 535.129.03, and nvcc version 12.2. Here, source-compiled
PyTorch matches off-the-shelf packaged PyTorch in performance. “nvcc" compilation is
highly optimized with O3 flag [197].

Model: Taking inspiration from [50, 100, 107, 136], we pick model configurations
which are representative of industrial inference settings. Following are used: (1) Bottom
MLP dimensions are "1024-512-128-128" (2) Embedding stage has 250 tables, each table
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having 500,000 rows and 128 embedding dimensions (3) Top MLP dimensions are "128-
64-1". 4-byte precision is used which makes each embedding vector of size 512KB. The
total model weight is of size ∼60 GB which can completely fit within one GPU’s memory
while the remaining memory is used for computations across intermediate layers. Unless
mentioned otherwise, all tables are homogeneous in hotness. Table 5.7 describes a mixture
of tables for heterogeneous evaluation.

Table 5.7: Heterogeneous Mixture of Model configuration
Mixture/Datasets high hot med hot low hot random

Mix1 (#tables) 100 75 50 25
Mix2 (#tables) 62 63 63 62
Mix3 (#tables) 25 50 75 100

Datasets: Following an earlier work [136], we use the publicly released homogenized
production traces from Meta [33,198]. Thus, we consider a variety of hotness (memory
access patterns): one item, high hot, medium hot, low hot, and random. Section 5.3.2
quantitatively compares these datasets. To represent a large access pool similar to a real
inference, we calculate the unique access % averaged over 100 measurements (Table 5.3).
Inspired by [33,107,116,136], a large batch size of 2048 and a large “lookups per sample"
(or pooling factor) of 150 is used, .

Nomenclature for combined schemes: Any combined scheme is denoted using a
‘+’ symbol. For example, RPF+L2P+OptMT is a combination of 3 schemes, namely,
RPF, L2P, and OptMT.

5.6 Evaluation
Based on real system measurements, we evaluate the benefits of our proposed latency
hiding schemes: OptMT (Section 5.3.3), Software Prefetching [RPF, SMPF, LMPF,
L1DPF], L2 Pinning (L2P), as well as their combined versions (Section 5.4). We first
study the key improvements in embedding stage and end-to-end DLRM with micro-
architectural justifications, followed by sensitivity studies. In all our evaluations below,
off-the-shelf PyTorch [27,146] (with the property of 24 theoretical active warps per SM) is
used as the “baseline", and all the stages of DLRM inference run on a GPU. Performance
is measured as “batch latency", and all improvements are reported over off-the-shelf/base
PyTorch.
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Figure 5.12: Embedding-only improvement in latency of the proposed techniques with
OptMT over off-the-shelf PyTorch.

5.6.1 Key Results

5.6.1.1 Boost in Embedding Stage Performance

Given our proposed schemes target the primary bottleneck (Embedding Stage) in DLRM,
we first highlight the embedding-only benefits. Figure 5.12 evaluates the performance of
various design points across different datasets. As highlighted earlier in Section 5.3.3,
OptMT exploits the GPU’s WLP better, thus, better hiding the long latency loads. RPF
and L2P complement OptMT by further lowering the latency (note that we have picked
RPF as the winning prefetching scheme due to it performing slightly better over other
schemes; see Section 5.6.2.1). As L2P is more useful for smaller working set situations,
more improvement is seen with the high/med hot cases, and as RPF is more suitable
for long latency load situations, more improvement is seen with low hot/random cases.
Finally, we note that RPF and L2P combined further improves the performance, achieving
up to a 2.03× speedup (random case). Interestingly, the highest benefit is 13.5% in the
med hot case over the previous optimal (RPF+OptMT), thus maximally complementing
each other.

5.6.1.2 Boost in End-to-End DLRM Performance

Given that DLRM is composed of 4 stages (Section 5.2.1) which collectively influence
the batch latency, we also evaluate the benefit of our proposed schemes with respect to
the end-to-end latency (Figure 5.13). Note that the trends in speedup remain similar
to Figure 5.12, with a minor degradation in the final speedups (since embedding is
the bottleneck). It can also be noted that the combined scheme (RPF+L2P+OptMT)
achieves a significant speedup of up to 77% (random case). Recall Figure 5.1 highlighted
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Figure 5.13: End-to-end improvement in latency of the proposed techniques with OptMT
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Figure 5.14: Embedding stage contribution in the end-to-end latency.

the performance gap between the fastest (one item dataset) and slowest (random dataset)
loads being 3.2× and 2.1× for off-the-shelf and OptMT Pytorch, respectively. With the
synergistic integration of our proposed schemes in play, we are able to substantially lower
the performance gap (higlighted in Figure 5.14) to only 1.57×, thus decreasing it by
163% and 53% over off-the-shelf and OptMT PyTorch, respectively. Therefore, with the
Embedding Stage running optimally, its contribution in the end-to-end execution reduces
by up to 10% (random).

5.6.1.3 Microarchitectural Justifications

To better understand the above gains, we profile the proposed schemes using NCU [199].
Table 5.8 and Table 5.9 show the microarchitectural measurements for RPF+OptMT
and RPF+L2P+OptMT designs, respectively. Due to limitations in NCU profiling [200],
we could not measure all the metrics for the integrated scheme. For the random case,
RPF+L2P+OptMT achieves an issue slot utilization of 44%, thereby improving by 83%
over baseline, and 26% over OptMT. This is because RPF+OptMT better utilizes the
memory bandwidth, reaching up to 700 GBps, significantly higher than the baseline
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(329.5 GBps). With L2P combined, for the high and med hot cases, it lowers the total
amount of data read from the device memory by 71% and 16.2%, thus lowering memory
access latencies and saving memory bandwidth.

Table 5.8: Microarchitectural details for RPF+OptMT

NCU metrics/datasets high
hot

med
hot

low
hot

rand

Kernel time (us) 177 205 220 224
#load insts (M) 4.43 4.43 4.43 4.43
SM Throughput % 59.3 49.7 44.4 43.3
issued slot utilization (%) 59.17 49.65 44.32 43.5
Device Memory size
read(MB)

8.4 53 133 151.8

Avg HBM Read
BW(GBps)

51.4 277.7 629.1 699.4

Avg HBM Read BW Uti-
lization (%)

2.6 13.9 31.5 35

Table 5.9: Microarchitectural details for RPF+L2P+OptMT

NCU metrics/datasets high
hot

med
hot

low
hot

rand

Kernel time (us) 167 190 216 217
#load insts (M) 4.43 4.43 4.43 4.43
SM Throughput % 60 49.9 44.5 43.3
issued slot utilization (%) 60.12 50.21 44.64 43.61
Device Memory size
read(MB)

4.9 45.6 128 150

Avg HBM Read
BW(GBps)

30 240.6 613.2 698

Avg HBM Read BW Uti-
lization (%)

1.5 12.3 30.7 34.9

5.6.2 Sensitivity Analysis

5.6.2.1 Winning Prefetching Scheme

Earlier, Section 5.4 proposed 4 different data prefetching schemes based on the buffering
location of the prefetches – register, shared memory, local memory, or L1 data cache.
Because of this, the implementation of each scheme differs. For each prefetching scheme
(on top of OptMT), we empirically find the optimal “prefetch distance" by doing a sweep
similar to that in Figure 5.9. Interestingly, we find that all schemes perform best at a
prefetch distance of 2. Figure 5.15 compares all prefetching schemes in conjunction with
OptMT over the baseline PyTorch. It can be noted that all schemes improve on top of
the baseline, where L1DPF improves the least and RPF improves the most. However, to
implement prefetching, we modify the CUDA kernel which results in extra instructions,
thus adding overhead by increasing the total raw instructions to be processed. Among all
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Figure 5.16: Comparison of techniques for off-the-shelf Pytorch.
the schemes tested, we note that L1DPF suffers the most from this overhead. We further
note this overhead becomes more critical in the high hot cases where the prefetching
finds less opportunity to benefit, resulting in a 15% drop in speedup when compared to
the only OptMT.

RPF, SMPF, and LMPF perform very close in all the datasets, with RPF marginally
winning. This is because the register file is closest to the execution pipeline when
compared to other buffer locations (Table 5.1). Thus, prefetching achieves {34%, 66%,
94%, 97%} speedups for the {high, med, low} hot and random, respectively.

5.6.2.2 Improvement over Baseline PyTorch without OptMT

Earlier, Figure 5.6 highlighted that OptMT improves the performance over baseline
PyTorch, and our proposed techniques can work in conjunction (Figure 5.12) with
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OptMT. However, we also evaluate our proposed schemes directly over baseline (no
OptMT) to validate their effectiveness in the original situation. Here, we compare all
prefetching schemes with their optimal prefetch distance (i.e., {4,10,10,5} for {RPF,
SMPF, LMPF, and L1DPF}, respectively) (Figure 5.16.a). Compared to Figure 5.15,
the winning scheme is not RPF but SMPF. Further, LMPF performs second, L1DPF
third, and RPF fourth. For the high hot case, RPF and L1DPF underperforms due to
higher instruction overheads. Also, SMPF enhances the performance of all the datasets.
When comparing SMPF to RPF+OptMT, it matches the performance in the low hot
and random datasets, and slightly underperforms in the high and med hot datasets. We
noticed that nvcc compiles the SMPF implementation with 32 warps per SM, instead
of 24 (as used in off-the-shelf PyTorch). Using the higher benefit of multi-threading
(Figure 5.6), this makes SMPF perform better than LMPF, thus making it winning
scheme. In contrast, for RPF, nvcc allocates more registers per kernel as the prefetch
distance increases, leading to very few (16) warps per SM (for distances >= 5), thus
severely hurting performance.

Considering the winning scheme to be SMPF, Figure 5.16.b, highlights the embedding-
only improvement of L2P and SMPF+L2P over the base PyTorch. L2P improves the
high hot and med hot cases by 4.5% and 6.4%, respectively, while marginally improving
for the low hot and random cases. Further, L2P combines with SMPF and further
enhances the performance over SMPF only. When comparing to the benefit coming with
OptMT (Figure 5.12), it can be seen that SMPF + L2P matches the performance for
the low hot and random datasets while slightly underperforming for the high hot and
med hot cases. This is because OptMT helps in hiding the latency without adding any
instruction overhead. It is also interesting to note that L2P+OptMT performs quite well
over OptMT, since L2P better holds the data which otherwise could get evicted due to
thrashing across warps.

5.6.2.3 Heterogeneous Table Mixing

Given that DLRMs are executed in both homogeneous [107, 136] and heterogeneous
settings [116, 121], we evaluate a synthetic case where non-uniform tables (Table 5.7)
are present within the embedding stage by having a mixture of hotness. Figure 5.17
compares the performance of all proposed schemes in association with OptMT. In general,
all schemes perform better on a higher mix due to more contributions from the low hot
and random datasets. Further, within any mix, the combined scheme performs the best
by improving over any individual scheme.
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Figure 5.17: Embedding-only improvement of the proposed techniques with OptMT over
off-the-shelf PyTorch and heterogeneous tables.

5.6.2.4 Evaluation on H100 NVL GPU

We also evaluate the applicability our proposed schemes on an H100-NVL GPU [201],
which is increasingly being embraced by the datacenters [202,203]. H100 NVL has 132
SMs (with a total of 16896 CUDA cores), 192KB L1, 50MB L2, 3.84 TBps HBM3 (at 2.7
GHz DDR). The measured base-PyTorch latency values (in us) are {174, 228, 282, 295}
for the {high, medium, low, random} datasets, respectively. Thus, H100 gives an average
47% uplift in performance (comparing with (Table 5.4)). Notably, our optimization
designs on A100 perform 23% faster than the H100 base performance, thus making it a
more cost-effective solution than simply adopting more expensive GPUs.

Figure 5.18 sweeps through possible WLP configurations and finds maximum gain
at 32 resident warps (which is different from 40 warps for A100). Similar to Figure 5.6,
higher gains of MT are visible for low hot and random cases. Finally, Figure 5.19 shows
the performance benefit of RPF+L2P+OptMT for H100 and compares it with A100. For
both OptMT and integrated schemes, H100 observes a little lower speedup compared to
A100 which is due to the microarchitectural differences, particularly with H100 having
27% faster SM clock, 33% larger L1D$, 25% larger L2$, 20% wider HBM width, and
64% faster HBM clock. Yet, we continue to see significant speedups for all datasets (up
to 84%).
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Figure 5.19: Comparison of Embedding-only improvement in latency of the integrated
scheme over off-the-shelf PyTorch for H100 NVL and A100 GPU.

5.7 Discussion
A Static Profiling Framework for adoption of our proposed designs: Achieving

the ideal performance (like Figure 5.12) requires finding the optimal design points for
multi-threading and prefetching (where and when to prefetch). We propose a static
profiling framework instead of developing an analytical model or heuristics. As the
default hardware involves various in-place optimizations like memory-level-parallelism
in conjunction with multi-threading, it makes it difficult to holistically capture the
complexities with a heuristic. Additional challenges arise with proprietary nvcc and

122



limited public details on GPU microarchitecture, making the heuristics susceptible to
errors.

Thus, we introduce a static profiling framework aimed at conducting design space
exploration to identify the most effective design points. The steps are as follows: (i) Assess
if the kernel is memory latency bound by checking the memory access patterns, cache
misses, and long latency scoreboard stalls. (ii) Assess if the kernel occupancy is maximum.
If not, check the usage of register, shared memory, and kernel launch configurations. (iii)
If register usage is high, OptMT can be found by varying the allocated registers. Use
nvcc compiler flag “-maxrregcount” to control the assigned registers, where the needed
registers are ≤ (max_registers_per_SM)/((desired_active_warps) ∗ (warp_size)).
(iv) After applying OptMT, assess if the kernel is still memory latency bound. If yes,
carefully-tuned pinning and prefetching can help. (v) Assess if there is scope for applying
L2 pinning by checking for any high reuse behavior towards certain data accesses and
comparing the working footprint of kernel with the L2 cache size. If yes, sort the data
addresses in descending order based on their reuse amount and apply the steps shown
in Figure 5.10. (vi) If the performance is still memory latency bound and memory
bandwidth is not saturated (under 80% usage), use prefetching and evaluate performance
for different buffer locations as guided in Figure 5.8 by sweeping across the prefetch
distances. Note that, when the MT is low, a higher prefetch distance is expected, and
vice versa. (vii) Combine both prefetching and pinning.

Generalizability: Following the above Static Profiling Framework, we believe that
memory-bound workloads (other than DLRMs) executing on GPUs can benefit from our
key contributions with potential applications being Graph Neural Networks [204] and
Graph Mining [205].

Scalability and Industrial Adoption: Although we consider model sizes which can
fit within one GPU, as our proposed techniques optimize the embedding table granularity,
our solutions are applicable for large-scale distributed inference scenarios [149]. Further,
the forward pass in the training pipeline [206–208] could benefit from our schemes. By
offering a readily deployable and performant solutions with prefetching and pinning, our
work opens doors for wider industrial adoption of optimized DLRM inference pipelines.

5.8 Conclusion
With the ever-increasing compute and memory bandwidth requirements of DLRMs,
they are increasingly getting adopted on GPUs. However, improving DLRM inference
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performance on GPUs needs co-examination of DLRM models and the underlying
architectural artifacts. In this work, we show that the embedding stage continues to
dominate the DLRM inference pipeline, causing a performance gap of up to 3.2× in
the worst case. We show that standard embedding kernels underutilize the warp level
parallelism (WLP) offered by the GPU hardware, and can be improved via compiler
optimizations. Yet, the optimal WLP is insufficient in fully hiding the long latency load
stalls. To tackle this, we propose specialized techniques (software prefetching and L2
pinning), and also combine them. Without requiring any modifications in the hardware
or models, our experimental evaluations on A100 and H100 GPU over large models
and a variety of datasets indicate performance improvements by up to 103% for the
embedding stage, and up to 77% for the overall inference. We set a new benchmark for
any future research, and believe that our proposed designs can be generally applied to a
wide range of memory-bound kernels.
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Chapter 6 |
HetT-HetD: Embracing Hetero-
geneity in Embedding Tables and
Devices for Performant Recom-
mendation Systems

6.1 Introduction and Motivation
As highlighted by prior works and the analyses presented in the preceding chapters, the
embedding stage continues to be a dominant performance bottleneck in Deep Learning
Recommendation Models (DLRMs). As highlighted by prior works and previous chapters,
embedding stage continues to remain a major bottleneck in many DLRM workloads.
Chapter 2, 3, and 4 focused on CPU-only hardware and explored performance optimiza-
tions on single- and multi-core. Chapter 5 looked into GPU-only hardware performance
enhancements.

Despite these advances, we argue that no single device can optimally handle all
stages or all embedding tables. As highlighted by Chapter 4, the embedding tables
within the same model can exhibit widely varying memory-reuse behaviors and capacity
requirements, while the non-embedding stages remain predominantly compute-bound.
At the same time, modern hardware platforms are becoming increasingly capable: CPUs
now feature larger cache hierarchies and expanded DRAM capacities, making them highly
suitable for high-reuse and large-capacity embedding tables. Conversely, GPUs, equipped
with high-bandwidth memory (HBM) and thousands of CUDA cores, can benefit the
low-reuse embedding tables and compute-intensive stages.
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Figure 6.1: GPU speedup over CPU for embedding stage using {H100 GPU, Zen4 64
CPU} and {A100 GPU, Zen3 64 CPU}.

Figure 6.2: GPU speedup over CPU for non embedding stages using H100 GPU and
Zen4 64 core CPU.

To better understand how each hardware helps different embedding tables and non-
embedding stages, we conduct a performance comparison study as shown in Figure 6.1 and
Figure 6.2. We observe that CPUs are favorable choices for high-reuse embedding tables,
and GPUs are favorable for low-reuse tables. Further, GPUs heavily favor the bottom-
MLP, feature-interaction, and top-MLP stages. Given that CPU can be competitive to
GPU for certain embedding tables, we are motivated to deploy a heterogeneous CPU
GPU execution.
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6.2 Preliminary design
To enable an efficient and balanced heterogeneous execution across CPU and GPU, it
is essential to clearly define the key design objectives guiding our framework. In this
direction, we would like to define three goals towards achieving a performant heterogeneous
deployment. They are:

• Goal#1: Leveraging both CPU and GPU effectively to ensure minimal idle time

• Goal#2: Avoid oversubscribing the GPU memory capacity to prevent embedding
table movement over slow PCIe

• Goal#3: Load balancing the work across CPU and GPU to ensure maximal
concurrent execution

Towards these goals, an intuitive approach could be to divide among the devices in
proportion to their performance. For example, hardware measurements indicate that
running an embedding stage with high hot dataset takes 25ms on CPU, and 29.4ms
on the GPU. For random datset, the same embedding stage takes 126ms on CPU and
56ms on GPU. Assume an embedding stage having T tables and B batch size. Thus,
when doing batch parallelism, where we assign batch samples to a worker based on it’s
performance, high hot dataset would mean 0.46B work on GPU and 0.54B work on CPU.
Similarly, for random dataset it would mean 0.70B work on GPU and 0.30B work on
CPU. Another intuitive approach could be table parallelism where tables are divided
across the devices. In a similar way, high hot dataset would mean 0.46T work on GPU
and 0.54T work on CPU. Similarly, for random dataset it would mean 0.70T work on
GPU and 0.30T work on CPU. This approach is more fine-grained as each batch’s sample
leverages both the devices.

We note certain limitations with regard to employing batch parallelism. First, CPU
and GPU might not be optimally used in cases where the embedding stage is composed of
heterogeneous tables. As noted in the previous figure, certain embedding tables could run
faster on certain devices. However, batch parallelism does not leverage this opportunity
and maps the work based on the complete embedding execution time. For example,
consider an embedding stage with 750 tables, of which 500 are high hot and 250 are
random. Assuming the model can completely fit in a GPU, Batch parallelism achieves
an execution time of 73 ms while table parallelism achieves 56 ms. Second, given that
batch parallelism lowers the batch size assigned to each device, this lowers the execution
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efficiency as larger batch size is known for higher throughput. Third, given that GPU’s
memory budget is only few 10s of GBs (relatively small compared to CPUs), GPUs can
quickly fall short in residing all the embedding tables. Thus, batch parallelism has severe
limitations in meeting the requirements for first and second goal.

On the other hand, table parallelism does not observe these limitations as it allows to
control execution by mapping the high-reuse tables on the CPU and low-reuse tables on
the GPU. Thus, it leverages both CPU and GPU by mapping the appropriate tables on
the devices. Further, it runs the tables with the original batch size, assisting with higher
compute utilization with larger batch sizes. These advantages help with our first goal
towards efficently leveraging CPU and GPU. Moreover, the GPU need to only house the
tables up to it’s memory budget, and remaining embedding tables can be offloaded and
executed by the CPU. This helps with our second goal towards avoiding GPU memory
oversubscription.

6.2.1 Key Design Decisions

Given that we have understood why to leverage heterogeneous devices for embedding
tables, let’s establish the fundamental questions:

• What and where to offload? Embedding tables are run by both CPU and GPU.
Non-embedding stages are offloaded to the GPU.

• When to offload? The tasks are decided statically in the beginning of inference
server. Particularly, the mapping of embedding tables is chosen carefully based
on the underlying hardware platform and table execution properties. In case
the embedding model gets updated, new mapping can be quickly found and
corresponding tables can be re-offloaded.

• How to offload? We need to design a right mechanism and policy to concurrenty
execute tables on cPu and GPU, and for the embedding table placement.

6.3 Optimization Design
To achieve a performant execution for meeting all of the three goals stated above, we
first need an optimal mechanism for concurrently running all stages in DLRM on CPU
and GPU with minimal exposed overheads orchestrating the work on CPU and GPU.
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Next, we need an optimal policy to be deployed on top of our mechanism for efficiently
mapping the tables on CPU and GPU.

6.3.1 Mechansim:

To identify an effective mechanism for concurrently executing embedding tables on the
CPU and GPU, we begin by evaluating a textbook approach using CUDA streams. The
goal is to enable concurrent execution across both devices assuming no data movement
overheads. In this setup, a load-balanced number of embedding tables are mapped to
the CPU and GPU.

To achieve concurrency, CUDA streams are employed to make GPU operations
non-blocking. The GPU work is launched first, followed by CPU execution, with the
CPU parent process sequentially launching embedding table computations on the GPU.
However, the number of CUDA kernels to be launched is proportional to the number of
embedding tables assigned to the GPU, which can easily reach into the hundreds. Many
of these kernels complete within tens of microseconds. Consequently, sequential dispatch
along with the short-lived GPU kernels offer limited opportunity for effective overlap
with CPU execution. For the embedding tables running on CPU, we use table threading
scheme as discussed in Chapter 3 which is more performant than in-built batch-threading
scheme in pytorch. Overall, we observe an 18% deviation in performance compared to
the idealized case of perfect overlap. We believe this performance to further degrade
when data-movement overheads are considered.

To address the limited overlap caused by sequential kernel dispatch and the dependency
of GPU progress on the CPU parent process, we decouple the GPU handler from the
CPU execution by defining two process territories. Figure 6.3 shows the embedding-only
concurrent design for an underlying AMD EPYC Zen4 CPU having 64 cores. We use
python multi-processing to separate the work of CPU and GPU. Each worker process does
pre-processing tasks like model and dataset loading before hitting a barrier which is used
to synchronize the start of inference server. After the barrier, CPU and GPU runs their
assigned portion of embedding tables (still assuming no data movement overheads). With
this approach, we observe that the runtime matches ideal performance overlap. However,
this approach is limited to purely studying embedding-only concurrent execution.

Towards achieving a concurrent end-to-end execution, we have to carefully orchestrate
the execution of both embedding and non-embedding stages. Figure 6.4 showcases the
data-flow graph to be realized for one batch of work. The non-embedding stages being
compute-bound are mapped onto the GPU. For the embedding stage, a portion of tables
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are mapped to CPU and remaining fraction is mapped to the GPU. We later discuss
how to identify the tables for mapping. Our implementation follows the following steps:

• Two-process CPU–GPU pipeline.

– We use torch.multiprocessing with the spawn backend to create two OS
processes: a CPU producer (cpu_worker) and a GPU consumer (gpu_worker).

– A Barrier(2) ensures both processes enter the main loop in lockstep before
overlapped execution begins.

– A multiprocessing Queue is used to hand off per-batch work items from the
CPU process to the GPU process.

• Parallel CPU embedding computation + pinned outputs.

– All embedding tables are implemented as nn.EmbeddingBag modules in a
DLRM_Net model.

– For each batch, we launch all embedding lookups in parallel using TorchScript
futures: torch.jit._fork(emb_l[k], lS_i[k], lS_o[k]).

– After each lookup completes, we immediately move the result into page-locked
host memory by calling tensor.pin_memory() (also via _fork).

– Thus, the CPU model returns a list of pinned tensors, one per embedding
table, which are ready for asynchronous host-to-device copies.

• Pre-allocated device buffers for embedding outputs.

– On the CPU process, we pre-allocate a fixed array of device tensors, one per
table: dev_buf[i] = torch.empty((2048, 128), device=cuda0).

– These buffers are reused across all batches, eliminating allocator overhead
from the critical path.

– The pointers to these device buffers are later shared with the GPU process via
CUDA IPC, so the consumer can directly read the data without additional
copies.

• Asynchronous host-to-device copies on a dedicated CUDA stream.

– The CPU process creates a dedicated CUDA stream (torch.cuda.Stream(cuda0))
for data movement.
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– For each batch, we enqueue one cudaMemcpyAsync-equivalent operation per
table by calling: dev_buf[i].copy_(ly[i], non_blocking=True).

– Because the sources ly[i] reside in pinned memory and we pass non_blocking=True,
these copies are truly asynchronous with respect to the host CPU thread.

– The copies are ordered on the data-movement stream, and the CPU imme-
diately continues to compute the next batch’s embeddings while the DMA
engines transfer the current batch.

• Inter-process CUDA event-based synchronization.

– After enqueuing all H2D copies for a batch, the CPU process records a CUDA
event on the same stream: sync_ev = torch.cuda.Event(interprocess=True)
and sync_ev.record(stream).

– The event is created with interprocess=True, enabling it to be shared across
processes via CUDA IPC.

– The CPU process then pushes a tuple (batch_index, dev_buf, sync_ev)
to the multiprocessing queue.

– On the GPU process, we call stream.wait_event(sync_ev), which guaran-
tees that subsequent work on the GPU compute stream only begins after all
H2D copies for that batch have completed.

• GPU-side computation with mixed CPU and GPU embeddings.

– The GPU process maintains its own copies of the bottom MLP and a second
set of embedding tables; these are moved to the GPU once at startup.

– For each batch z:

∗ The GPU process first computes the bottom MLP on preloaded GPU
inputs (bmlp_inp[z]).

∗ It performs embedding lookups for the GPU-resident tables (gpu_model)
to obtain ly1.

∗ It receives the device buffers ly_cpu and the event sync_ev from the
queue, waits on the event, and then performs feature interaction on the
concatenated list ly1 + ly_cpu.

∗ Finally, it applies the top MLP to the interacted features to produce the
batch output.
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– Because the CPU-produced embeddings are already resident in device memory
when the event fires, the feature interaction and top MLP operate purely on
GPU data.

• End-to-end pipeline overlap.

– This design forms a three-stage pipeline:

1. CPU process computes embedding bags for batch k + 1 and pins the
outputs.

2. Asynchronous H2D copies transfer the pinned outputs for batch k + 1
into pre-allocated device buffers.

3. GPU process computes bottom MLP, GPU embeddings, feature interac-
tion, and top MLP for batch k, consuming the data from the previous
iteration.

– The cross-process CUDA event ensures correct ordering of the copy and
compute stages, while allowing CPU compute, DMA transfers, and GPU
compute to execute concurrently.

– As a result, we effectively overlap CPU embedding computation, PCIe/NVLink
data movement, and GPU-side computation for different batches, improving
end-to-end inference throughput.

Towards running complete DLRM model on CPU and GPU, Figure 6.5 shows the
timeline diagram where we run embedding tables on CPU, BMLP stage on GPU,
embedding tables on GPU. For running the FI stage on GPU, it waits for the outputs
from both CPU and GPU after which TMLP stage is executed on the GPU.

6.3.2 Policy:

As discussed earlier, the embedding stage exhibits heterogeneity across tables in terms of
memory reuse and capacity requirements. Executing all tables exclusively on the CPU
favors those with high reuse and large sizes due to CPU’s higher cache and larger DRAM
but results in suboptimal performance for low-reuse tables. Conversely, executing all
tables solely on the GPU benefits low-reuse tables due to higher memory bandwidth;
however, this approach demands multiple GPUs to accommodate the entire embedding
stage and yields lower performance for high-reuse tables. In case a single GPU is used, the
data transfer over PCIe to load embedding table becomes the bottleneck. Prior work [114]
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Figure 6.3: Concurrent exectuion design for embedding stage on CPU and GPU

Figure 6.4: End-to-end dataflow for one batch of DLRM inference where blue represents
tasks mapped onto CPU and orange represents tasks mapped onto GPU. A portion of
embedding stage is mapped onto CPU. GPU first executes the bottom-MLP (BMLP)
stage, followed by the remaining portion of embedding tables. Feature interaction (FI)
stage waits for the output for embedding portions from both CPU and GPU and is
followed by the top-MLP (TMLP) stage.

assumes power-law behavior in embedding accesss and proposes two optimizations for
training DLRMs: (1) embedding stage onto CPU and non-embedding stage onto GPU
(2) improving with putting high-reuse entries on the GPU. We note that approach (1)
resembles the pure-CPU embedding deployment and is thereby inefficient. And, approach
(2) brings overheads due to embedding entry to device mapping sequential check. Further
(2) could suffer from frequent data transfers between CPU and GPU in the presence of
medium and low reuse tables with high pooling operations – all of these could impact
the tight latency requirements of inference.
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Figure 6.5: Concurrent exectuion design for end to end DLRM on CPU and GPU

Given that the DLRM embedding stage involves hundreds to thousands of embedding
tables, the key question becomes: how can we systematically decide the appropriate device
assignment for each table?

To address this, we develop a policy-driven mapping strategy that assigns embedding
tables to CPU or GPU based on their access characteristics, size, and the load-balance
constraints between devices. We make the following rationales: (1) Computing GPU
time proxy based on CPU time proxy using a linear equation (2) For GPU, we would like
to pick the tables which have high execution time and low memory capacity. For this,
we divide the GPU time value with memory capacity of the table, and sort the tables
based on this score. (3) The final picks are based on previous score, load balancing on
CPU and GPU, and avoiding memory capacity oversubscription on the GPU. Figure 6.6
shows an example.

The detailed steps are below:

• Step 1: Characterization of Embedding Tables Each embedding table is
profiled to extract three key parameters:

– Average Memory Access Time (AMAT): represents temporal locality.

– Average Pooling Factor (PF): average number of accesses per table

– CPU Table Load (CPU TL): proxy for CPU time execution similar to
Chapter 4. This is a product of AMAT and PF.
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• Step 2: Modeling GPU Performance We assume a linear relationship between
CPU and GPU performance across embedding reuse. Using a linear equation, the
GPU TL can be modeled based on CPU TL. Given that AMAT on CPU ranges
from 1 to 15 and corresponding GPU speedup over CPU ranges from 0.6 to 2.25,
we solve a linear equation ‘ y = mx + c ’

y = mx + c

where x is CPU TL and y represents GPU TL.

From the profiling data, the slope and intercept are determined as:

y = 0.118x + 0.482 ⇒ GPU TL = CPU TL
y

• Step 3: Identifying GPU-Preferable Tables The next step leverages two key
intuitions:

1. Tables with smaller memory footprints are better candidates for GPU place-
ment, as they fit within limited GPU HBM capacity.

2. Tables with higher “GPU TL” benefit more from GPU acceleration. This
assumes tables with low reuse have higher TL and may not always hold when
compared with high reuse tables with large PF.

A metric, GPU TL per GB, is derived for all tables, and they are sorted in decreasing
order of this value to create a ranked list of embedding tables most beneficial for
GPU placement.

• Step 4: Capacity and Load-Balance Constraints. After sorting, the algorithm
incrementally assigns tables to GPU following this ranking while checking two
critical constraints:

– GPU Memory Capacity Constraint: The cumulative size of selected
tables must not exceed available GPU memory.

– Load-Balance Constraint: The cumulative latency (TL) between CPU and
GPU must remain balanced to ensure both devices are effectively utilized.

If either constraint is violated, the allocation process stops, and the remaining
tables are assigned to CPU.
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Figure 6.6: Example policy for achieving an optimal mapping of tables on CPU and
GPU

6.4 Evaluation
Methodology: We conduct our experiments on a heterogeneous CPU–GPU platform
consisting of an AMD Zen4 CPU with 64 cores and an NVIDIA H100 GPU. The evaluation
uses both high-hot and random datasets to capture varying degrees of memory reuse and
access locality. The DLRM model under study comprises 500 embedding tables. We
consider two configurations: (1) Homogeneous configuration: All 500 embedding tables
follow a uniform access pattern. (2) Heterogeneous configuration: 250 tables are high-hot
(high reuse) and 250 tables are random (low reuse).The embedding dimension is 128.

Results: We consider variety of baselines including pure CPU, pure GPU, naive
CPU GPU, and our proposed scheme. The naive CPU GPU design maps embedding
stage onto CPU and non-embedding stage onto GPU. The pure GPU scheme considers
one GPU and thus suffers from PCIe data transfer overheads to laod the embedding
tables.

Figure 6.7 and 6.8 compares the performance of our scheme with baseline. In the
homogeneous dataset, we note that our scheme performs up to 1.9x better than naive
CPU-GPU design. In the heterogeneous dataset, we also evaluate two policies: (1) equal
mapping refers to mapping all high reuse tables on CPU and low reuse tables on GPU (2)
random mapping refers to mapping 125 high reuse and 125 random tables on both CPU
and GPU. Overall, we note that our scheme performs 3.7x better than naive CPU-GPU
design.
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Figure 6.7: End to end speedup on homogeneous datasets.

Figure 6.8: End to end speedup on heterogeneous datasets.

6.5 Conclusion
In summary, our study notes that CPU performance can be competitive with that of
GPUs, even for large batch sizes. We discuss how the embedding stage can be effectively
partitioned across the CPU and GPU, allowing each device to exploit its architectural
strengths—large caches and memory capacity on the CPU, and high bandwidth on
the GPU. We show that fine-tuning the partitioning and execution strategy of this
heterogeneous deployment is crucial to achieving high overall performance, as balanced
load distribution and efficient coordination between devices lead to significantly improved
end-to-end DLRM execution.
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Chapter 7 |
Conclusions and Future Work

7.1 Conclusions
As the compute, memory capacity, and memory bandwidth requirements of DLRMs grows,
there is an increasing demand for both CPUs and GPUs. However, enhancing DLRM
inference performance on these devices requires a simultaneous examination of DLRM
models and the underlying hardware’s architectural elements. Through a series of five
contributions, we systematically identified architectural bottlenecks, proposed software-
driven application- and architecture-aware solutions, and demonstrated substantial
performance improvements—all achieved without modifying the underlying hardware.

Chapter 2 analyzes several DLRM workloads and find that the embedding stage
dominates end-to-end execution time. By classifying datasets based on access hotness and
profiling the cache reuse behavior, we identify memory stalls as key bottleneck. To address
these, we propose customized software prefetching and computation overlapping via
hyperthreading to minimize the embedding stage overhead and overall execution latency.
Our experimental results show that the proposed techniques improve the performance of
embedding heavy & mixed models for various hotness datasets by up to 1.59x.

As the latest DLRMs show embedding stages growing with more tables, larger
embedding dimensions, and pooling operations, assigning one batch per core limits
scalability and violates latency goals. Chapter 3 highlights the limited multi-core
scalability of existing techniques towards meeting low-latency inference goals. To address
this, we propose improving the performance of a single batch by parallelizing it over
multiple cores and introduce two new parallelization techniques: Table Threading (TT)
and Hierarchical Threading (HT). We demonstrate up to 9.9x speedup on homogeneous
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datasets and 2.95x speedup on heterogeneous datasets.
Chapter 4 highlights that HT is still imperfect in multi-core scaling over heterogeneous

datasets. The heuristics and performance metrics developed in this work (TL heuristic
and WMLP metric) have been successful in mitigating the inefficiencies. In addition, we
demonstrate how load imbalance across threads and CCDs, suboptimal core allocation
for embedding tables, and inefficient utilization of MLP resources can be addressed by
our proposed mechanisms and techniques. Our technique show 1.67× higher speedup
over prior state-of-the-art DLRM with 96 cores.

Given the rapidly growing compute and memory bandwidth demands of modern
DLRMs, GPUs have emerged as the natural choice for inference due to their massive
parallelism and high-bandwidth memory (HBM) support. Chapter 5 studies the DLRM
performance on GPUs and finds that the embedding stage remains the primary bottleneck.
Through detailed microarchitectural characterization, we identify low kernel occupancy
and long memory stalls, and address them via compiler optimizations, software prefetching,
and L2 pinning. Evaluations on NVIDIA A100 and H100 GPUs show up to 2.03×
embedding and 1.77× overall speedup, achieved entirely through software-only, plug-and-
play techniques without any hardware or model modifications.

Building on insights from CPU- and GPU-specific optimizations, Chapter 6 introduces
HetT-HetD, a heterogeneous execution framework that leverages the complementary
strengths of CPUs and GPUs. While GPUs handle low-reuse tables and compute-intensive
stages efficiently, CPUs are better suited for high-reuse and large-capacity tables. We
achieve this balance through asynchronous CPU–GPU data movement and a heuristic-
based scheduling policy for table-to-device mapping. Our evaluations demonstrate up to
3.7× end-to-end speedup over naive CPU-GPU design.

7.2 Broader Insights
While our proposed techniques are developed in the context of DLRM inference, the
underlying principles extend naturally to other recommendation and deep learning models
that rely on embedding lookups, such as DIN and DIEN. These models can directly benefit
from the same CPU–GPU co-execution and scheduling strategies. Furthermore, similar
opportunities exist for optimizing DLRM training workloads through heterogeneous
execution and memory-aware scheduling.

From an architectural standpoint, our findings highlight the importance of software
prefetching mechanisms for efficiently handling large-dimensional vector operations
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common in both deep learning and high-performance computing (HPC) kernels. In
addition, we observe that multi-core scaling on chiplet-based many-core CPUs presents a
promising direction for further enhancing the performance of embedding-heavy workloads
by improving memory locality and parallel efficiency across compute tiles.

7.3 Future Work

7.3.1 DLRM Training

The dissertation demonstrated powerful techniques for improving the performance of
DLRM inference. Though the training workload leverages GPU for throughput optimiza-
tions, many of the proposed techniques can be beneficial. This is because embedding
loads continue to persist for two reasons: (1) forward pass in training is the same as
inference (2) updating of embedding vectors in backward pass involves loading them
first for gradient calculation. Thus, the ideas proposed in Chapter 5 which improves the
performance of embedding loads can be leveraged by training workloads. Further, CPUs
can be leveraged as demonstrated in Chapter 6.

7.3.2 Multi-device load balancing

As noted by prior works, load balancing has been a critical concern when employing
multiple devices for both DLRM training and inference. This is challenging since
embedding tables differ in their memory capacity and execution time parameters. The
proposed techniques in Chapter 4 and 6 demonstrates how to analytically model the
time and memory-level-parallelism requirements per table, and using it to achieve an
optimal table placement. These techniques can be extended for a large number of workers
including heterogeneous devices. Specifically, each device can be modeled based on it’s
memory capacity budget, and execution time on diverse set of memory accesses.

7.3.3 Analyzing accuracy vs.performance tradeoffs

Given that DLRM only predicts the likelyhood of an item to be clicked by an user,
several approximations can be studied to improve the performance of inference. These are
following: (1) Given that low-reuse loads exist which are in the critical path of inference,
could we drop some of the low-reuse loads without sacrificing much on performance? (2)
Further, since memory capacity is a major requirement of embedding tables, could we
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assess the accuracy contributions of each table and drop some of the embedding tables
which have minimal accuracy contributions but occupy a reasonable memory footprint?
(3) Moreover, since some of the tables execution time is significantly large, could we drop
their computation in cases where they don’t have enough accuracy impact?

7.3.4 Going Beyond DLRMs

Several other applications exist which are memory-bound or have a mix of memory- and
compute-bound stages. Specifically, applications like GNN and graph mining have similar
properties. Further, newer recommendation models like generative recommenders [209]
rely on element-wise operations (like SiLU activation, scaling, attention masking, several
bias operations, layer normalization, tensor manipulation, and bucket weight lookup)
which are memory-bound and accounts for significant fraction of encoder latency. These
applications can leverage the techniques proposed in our dissertation for performant
execution.
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