
NVREC: A High-Performance Recoverable Recommendation System

for Non-Volatile Memory

PING CHEN, The State Key Laboratory of Blockchain and Data Security at Zhejiang University, Hangzhou,

China and Hangzhou High-Tech Zone (Binjiang) Institute of Blockchain and Data Security, Hangzhou City, China

SHUIBING HE∗, Zhejiang University, Hangzhou, China and Zhejiang Key Laboratory of Big Data Intelligent

Computing, Hangzhou, China

PEIYI HONG, Zhejiang University, Hangzhou, China
XUECHEN ZHANG, Kennesaw State University, Marietta Campus, Marietta, United States

SILING YANG, Zhejiang University, Hangzhou, China
TONG WU, Zhejiang University, Hangzhou, China
GANG CHEN, Zhejiang University, Hangzhou, China
XIAN-HE SUN, Illinois Institute of Technology, Chicago, United States

Current recommendation systems are designed with the assumption that computer memory is volatile. Thus, they periodically

execute checkpointing operations to save model weights and embeddings to slower solid-state drives (SSDs) for failure

recovery. Such designs cannot leverage the unique characteristics of non-volatile memory (NVM). This paper proposes a new

recommendation model training framework called NVrec, which uses a hybrid memory system consisting of DRAM and

NVM to support computing and in-memory checkpointing. NVrec proposes three recommendation-oriented techniques. (1)

It partitions embeddings so that only popular vectors are placed in DRAM to hide NVM-induced latency. (2) It maintains a

dual-version scheme for in-memory checkpointing: each vector in NVM alternates between a persistent version for crash

recovery and a runtime version for training updates. (3) It employs ine-grained parallelism to hide the checkpointing overhead

of model parameters in DRAM and GPU. Our experiments demonstrate that NVrec improves recommendation-model training

throughput by 1.05×-6.85× and the checkpointing process by more than 5× compared to existing models when evaluated on

the synthetic and real-world datasets.
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Table 1. Device Characteristics ś Comparison of key characteristics of DRAM [43], NVM (Optane DC PersistentMemory [28]),
and SSD (Optane DC P4800X [29]).

DRAM NVM SSD

Latency
Idle Sequential Read Latency 75 ns 170 ns 10 �s
Idle Random Read Latency 80 ns 320 ns 12 �s

Bandwidth (6 DRAM and 6 NVM modules)
Sequential Read 180GB/s 91.2 GB/s 2.6 GB/s
Random Read 180GB/s 28.8 GB/s 2.4 GB/s
Sequential Write 180GB/s 27.6 GB/s 2.4 GB/s
Random Write 180GB/s 6GB/s 2.3 GB/s

Other Key Attributes
Capacity (per device) ∼64ś256GB ∼128ś512GB ∼0.5ś2 TB
Price ($/GB) 10 4.5 2.8
Addressability Byte Byte Block
Media Access Granularity 64 B 256 B 16KB
Persistent No Yes Yes

1 Introduction

Recommendation systems are widely used in various ields, including e-commerce, online search, social media,
and entertainment [21, 67, 68]. These systems commonly use embeddings, which are loating-point vectors, to
represent user and item features. Real-world models used in large commercial marketplaces, such as Facebook,
Amazon, and Baidu, require billions of embeddings, resulting in the need for hundreds of gigabytes, and even
terabytes, of storage space to store model features [18, 33, 66].
Embeddings are usually placed in DRAM close to CPUs or in high bandwidth memory (HBM) on GPUs to

minimize access latency [18]. Nonetheless, the memory needs for storing this data could far exceed the capacity
of DRAM/HBM. Prior research uses either scale-out or scale-up approaches to overcome this limitation. Scale-out
approaches [3] expand available memory space through the use of distributed systems. However, distributed
servers are more expensive and their performance is constrained by network bandwidth. In contrast, the scale-up
approaches [9, 32, 33] store embeddings on secondary storage devices, such as SSDs. However, such methods’
access performance is hindered by the limited I/O bandwidth of storage devices [41] (as discussed in ğ2.3).

The emerging non-volatile memory (NVM) technology provides a new opportunity to address this issue [26].
First, NVM is byte-addressable and ofers higher capacity than DRAM. Second, it provides persistence like SSDs
while typically delivering lower-latency and higher-bandwidth access than SSDs [40, 55, 69], as shown in Table 1.
In this paper, we present a new recommendation model training framework called NVrec. It uses a hybrid
memory system consisting of NVM and DRAM for both computing and in-memory checkpointing. NVrec has
the following desired properties.

Hiding the latency of NVM.NVM reads andwrites may exhibit higher latency compared to DRAM [15, 26, 41].
The longer latency may limit the training performance of recommendation systems if all embeddings are stored
in NVM. Our study inds that training throughput drops by 28%1 when all embeddings are placed in NVM instead
of DRAM (Figure 2(c)). Importantly, recommendation systems exhibit highly non-uniform embedding accesses.
A natural strategy is to partition embeddings so that popular ones are placed in DRAM and the rest in NVM.

1This decline difers from the devices’ peak-performance gap because embedding accesses account for only part of the end-to-end runtime,

while the remaining compute and system overheads (e.g., feature interactions and MLP layers) remain unchanged.
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Existing approaches, such as dynamic caching [8, 56, 57] and coarse-grained static proiling [33], attempt to realize
this idea by identifying and caching popular embeddings in DRAM. Unfortunately, none of these techniques
achieves a high hit ratio when DRAM size is limited. In fact, frequency-based placement is a natural solution, but
recommendation workloads require a iner vector-level formulation with remapping and retraining support. To
address this challenge, we develop an oline, ine-grained, vector-oriented placement approach that exploits
embedding access patterns for high-hit-ratio placement, and an eicient vector rebuild technique to support
retraining as user preferences evolve.
In-memory checkpointing for embeddings in NVM. Checkpointing techniques have been widely used

by recommendation systems to achieve both crash recovery and consistency [17, 42, 44]. As shown in Table 1,
NVMs2 have superior read and write performance compared to SSDs3 [69]. NVMs may be used as block devices
to expedite the recovery and checkpointing process by storing these checkpoints in NVM-based ile systems.
Unfortunately, the byte-addressability of NVM is not utilized to its highest potential with this approach because
these checkpointing data stored in NVM are only accessed when failures occur, and not during an application’s
training period [8]. An alternative approach is to use NVM as the main memory extension, whereby the stored
embeddings in NVMs are updated in place. Unfortunately, this approach does not ensure crash consistency,
because if a crash occurs during writes, embedding tables may be left in a partially updated and inconsistent
state, making recovery impossible. To address these limitations, NVrec utilizes a dual-version technique which
uses in-memory checkpoints for both training and failure recovery. Thus, no extra writes are needed to maintain
these checkpoints.
Fine-grained pipelined checkpointing for other data. Besides embeddings, NVrec also needs to save

other objects (e.g., metadata in DRAM, embeddings in DRAM, and weights in HBM) to persistent NVM for data
consistency. Synchronously checkpointing such data to NVM can be expensive due to the longer write latency of
NVM compared to DRAM. To tackle this issue, we propose a ine-grained pipelined checkpointing method to
persist such memory data to NVM. Speciically, the metadata and embeddings in DRAM are asynchronously
written from DRAM to NVM via a DRAM bufer. Concurrently, the weights on GPU are checkpointed directly
to NVM. Once DRAM bufer writes and weights writes are completed, the subsequent training resumes. This
approach overlaps the training process with the persistence process to NVM, leading to a reduction in the
end-to-end latency of recommendation systems.

In summary, we made the following contributions:

• We present NVrec, a hybrid-memory framework for recommendation system training that co-designs
embedding placement, checkpointing, and recovery, with adaptations tailored to the characteristics of
recommendation workloads, by leveraging the capacity and non-volatility of NVM.

• We develop a vector-oriented oline placement mechanism for recommendation workloads to reduce NVM-
induced access latency and the number of writes to NVM. We further integrate in-memory checkpointing
for embeddings in NVM with ine-grained pipelined checkpointing for other training states.

• We implement a software prototype of NVrec and conduct extensive experiments based on real-world and
synthetic datasets. Experimental results show that NVrec speeds up the training performance by 1.05×-
6.85× and reduces the checkpointing time by more than 5× compared to the state-of-the-art counterparts.

2 Background and Motivation

2.1 Deep Learning Recommendation Systems

Deep learning recommendation models (DLRMs) account for 79% of AI inference cycles at production-scale data
centers because of their high prediction accuracy [21]. DLRMs employ multi-layer perceptrons (MLPs) to process

2We use łNVMž to denote byte-addressable persistent memory [28].
3We use łSSDž to denote block-addressable NAND-based storage (e.g., SATA/NVMe SSDs [29]).

ACM Trans. Storage



4 • P. Chen et al.

Sparse feature inputs

Table 1, Vector 1

Table 2, Vector 2

Table 3, Vector 3

V1,2

V1,1

Table 1

V1,3

V2,2

V2,1

Table 2

V2,3

V3,2

V3,1

Table 3

V3,3

Dense feature inputs

1, 11, 1024

V2,2

V1,1

V3,3

F2

F1

1 0

Loss

Forward Backward Predicted LabelReal Label EMB Vector Trained Feature

Left MLP

Right MLP

Dataset

Checkpointing

Persistent Storage

Fig. 1. Illustration of DLRM training workflows.

continuous dense features (e.g., age of users) and embedding tables to transform sparse features (e.g., the indices
of goods purchased by the users) to low-dimensional embedding vectors. Each row of embedding tables is a
vector encoding of a particular sparse feature value. Generally the embedding vectors are stored in the DRAM
close to CPUs and the MLPs are stored in the HBM on GPUs.

Figure 1 illustrates the DLRM training worklow, which includes the forward (Steps 1-5), backward propagation
and gradient update (Steps 6-9) and checkpointing (Steps 10). When training begins, the system irst reads table
IDs and vector IDs in batches① as sparse feature inputs. Meanwhile, it reads dense feature inputs for training
the MLP (left) on GPU②. After that, the output of looking up embedding vectors using table IDs and vector
IDs are used for executing feature interaction on CPU③. It then feeds the interaction features into the MLP
(right) on GPU④. The model then produces the prediction⑤. For backward propagation, it computes the loss
gradient by comparing the predicted and ground-truth labels⑥ and computes gradients and updates MLP (right)
weights⑦. Finally, it computes gradients and updates embedding vectors⑧ and MLP (left) weights⑨ at their
original locations, respectively. After multiple training iterations, the system needs to save all model states (Left
MLP, Vectors, and Right MLP) in persistent storage to ensure crash consistency⑩ (checkpointing).

Recommendation systems have unique data computing and access characteristics. First, they are trained using
datasets which record the accessed embedding vectors in real-world applications. We can analyze the datasets
and understand the access patterns during training [35]. Second, recommendation systems frequently access
numerous embedding tables, each containing millions of vectors composed of several (e.g., 512) loats [17, 18, 33].
Therefore, systems need vast memory space to store embeddings [17, 18]. Third, recommendation systems exhibit
non-uniform vector access patterns as users typically focus on a small subset of items, as shown in Figure 2(a).
Fourth, the popularity of embeddings changes over time with the arrival of new requests. For instance, Figure 2(b)
illustrates a decrease in the ratio of accesses of the most popular vector on Day 1 to the total accesses over the
subsequent 10 days. Hence, upon gathering new daily or weekly training datasets, systems must facilitate model
retraining to prevent inaccurate recommendations [45].

2.2 Checkpointing and Recovery

To have a model with good prediction accuracy, we need to iteratively train DLRMs. Due to the long training
time, the intermediate training states (e.g., embedding states and MLP weights in DRAMs and HBMs) need to be
periodically written to persistent storage as checkpointing iles for fault tolerance [16]. Otherwise, an interruption
to the training can wipe out the runtime model states and a re-training of the model from the beginning state
after failures will be very expensive.

ACM Trans. Storage
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Fig. 2. (a) The highly skewed accesses of embedding vectors. (b) Top 1% (Oracular) represents the ratio of accesses to popular embeddings if

we only use the top 1% popular embeddings observed on a particular day. (c) The training throughput and runtime breakdown when storing

embedding tables on DRAM, NVM, and NVMe SSD, respectively. (d) The hit ratio of the DRAM cache for diferent embedding placement

schemes. (e) Fleche/OpenEmbedding training performance loss under diferent cache sizes, comparing synchronous cache eviction (red,

write-back/eviction on the critical path) and asynchronous cache eviction (gray, write-back overlapped with training). (f) Treating NVM as

memory devices and persisting data on NVM during training updates.

Traditionally, the checkpointing mechanism needs at least 1× storage space to save model states in slow block
devices of local or remote ile system and executes at a decent frequency to avoid long re-training time. Upon
failures, the system loads the latest checkpoint for recovery. The checkpointing and recovery operations need
to write and read a few hundred GBs of data, resulting in the non-negligible performance and resource loss
in training [17, 62]. In Meta, checkpoint-related overhead accounts for 12% of the total job time. It is a dire
implication because the production-scale training cluster wastes up to 1156 machine-year worth of computation
from 17000 training jobs [42]. Based on the rental price of a cloud server (an 8-GPU server at $40 per hour) [7],
checkpoint-related overhead could result in a monetary loss of around 400 million dollars per year.

To reduce the checkpointing overhead, recent works [17, 44] propose asynchronous DNN checkpointing with
pipelining to reduce end-to-end model training latency. They create a copy of all parameters and write it to ile
systems in parallel with training. However, these approaches may incur high space and time overhead, especially
when copying large amounts of data, which is ineicient for recommendation system training, as shown in the
evaluation in ğ5.2. Besides, some works use compression to reduce checkpoint size [17, 36, 44]. However, these
methods may cause non-negligible model accuracy loss [17], which is not acceptable in recommendation systems
because any loss of accuracy may lead to signiicant engagement and revenue declines [4].

2.3 New Opportunity with NVM

ACM Trans. Storage
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NVMhas become available as a standard byte-addressable DDR4DIMMmemory device on thememory bus [14, 59].
As a memory device, NVM’s performance is comparable to that of DRAM and much superior to that of block
devices, such as SSDs. Moreover, it has a larger storage capability and comes at a much lower cost than DRAM [69].
In this paper, we adopt NVM as a memory device and conigure NVM to work in the App Direct Mode. Because
the Memory Mode is not persistent, to ensure the persistence of NVM-resident data, we use clwb and sfence

instructions to lush data from CPU cache to NVM.
To leverage NVM in recommendation systems, we can simply use a non-hybrid approach, which stores all

embedding tables in NVMs. We study the performance of this approach using the Criteo dataset. We set the
embedding dimension to 512 as described in ğ5. Figure 2(c) shows that the training throughput of the DLRM
systems is 68, 49, and 42 samples/ms when the embedding tables are entirely stored in the DRAM, NVM, and
SSD, respectively. The system with SSD (i.e., scale-up approach) achieves the worst throughput because of its
relatively low I/O bandwidth. The system throughput with NVM is 28% lower than that with DRAM, owing to
NVM-induced latency. In contrast, an approach using hybrid memory can hide NVM-induced latency because it
stores frequently accessed embedding tables in DRAM. For example, our approach NVrec achieves 98% of system
throughput compared to storing all embeddings in DRAM.
To understand this performance gap, we further break down the training pipeline into embedding lookup,

CPUśGPU data transfer, feature interaction, and MLP computation, as also shown in Figure 2(c). We ind that
the diference across storage devices mainly comes from embedding lookup. Speciically, embedding lookup
accounts for about 40%, 58%, and 78% of the end-to-end runtime when embeddings are stored in DRAM, NVM,
and SSD, respectively, whereas the relative contributions of CPUśGPU data transfer, feature interaction, and
MLP computation change much less. This result indicates that embedding access constitutes a signiicant portion
of the storage-sensitive behavior in recommendation training. With hybrid placement, NVrec reduces the
embedding-lookup fraction to about 45%, close to the DRAM case, thereby recovering most of the lost throughput.

2.4 Design Challenges and Opportunities with Hybrid Memory

How to place embedding vectors in memory?With hybrid memory, we need to determine where to place
embedding tables. Prior studies propose dynamic caching and static proiling approaches. In dynamic caching,
such as HugeCTR [2], Fleche [57], and OpenEmbedding [8], the system will utilize a caching policy to select
embedding vectors stored in the fast access device (i.e., DRAM) for eicient vector reads and writes. However,
dynamic caching has two issues when used with NVM. (1) It increases software overhead due to frequent data
movement between NVM and DRAM for embedding reads/updates. (2) With large embeddings and highly random
accesses, caching can sufer from a reduced efective hit ratio, as quantiied in ğ5.3: compared to the ideal case,
the cache hit ratio drops by 5%ś20%. Together, these efects degrade end-to-end training throughput by more
than 20%, as shown in Figure 2(e).
Some prior work uses asynchronous write-back to overlap computation with data movement. However, this

strategy can still be ineicient for large-scale recommendation training. In particular, MLP computation is
relatively lightweight, whereas embedding lookups and updates are bandwidth-bound and account for a major
portion of end-to-end runtime [63]. Consequently, asynchronous DRAMśNVM lushing has only limited slack
to hide behind MLP execution. More importantly, when lushing overlaps with embedding lookup/update, it
contends for the same memory bandwidth and can directly slow down those embedding operations, thereby
reducing the potential beneit of asynchrony.
Moreover, because embedding accesses are inherently random and repeatedly revisit recently used vectors,

asynchronous eviction may lush vectors that are accessed again shortly afterward. This behavior introduces
extra NVM-to-DRAM reloads and can lead to writeśread thrashing, wasting bandwidth and increasing stall time.

ACM Trans. Storage
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To quantify this efect, in Figure 2(e), we implement an asynchronous eviction baseline that moves cache
eviction to a background thread during training. The baseline evicts low-priority (cold) vectors irst, progressively
lushing them from DRAM to NVM to proactively free space for future accesses. As shown in Figure 2(e), even
with asynchronous eviction, Fleche/OpenEmbedding still incur a 16%ś29% loss in training throughput.

Static proiling attempts to select the popular embeddings oline according to the access patterns of datasets [33].
Using these patterns, it can store the popular embedding tables in fast devices to avoid frequent embedding
movements between DRAM and NVM. For example, the scheme used in EMB-SSD [33] classiies embedding
tables into three types including Type-1: high locality with small vector size; Type-2: low locality with small
vector size; Type-3: moderate locality with large vector size. It only selectively caches all vectors belonging to
Type-1 in the fast devices. However, since each embedding table contains both popular and non-popular vectors,
using EMB-SSD’s coarse-grained vector classiication may store much non-popular data in DRAM, resulting in
low cache eiciency.
To illustrate the limitations of existing schemes, we evaluate their cache performance using the Criteo [30]

dataset. Figure 2(d) shows HugeCTR achieves the lowest hit ratio because it admits vectors without a global
view. EMB-SSD performs better than HugeCTR, but it still has 12.4% lower cache hit ratio than Fleche and
OpenEmbedding. This is because EMB-SSD caches vectors at the granularity of the embedding table, which may
cause less-frequently accessed vectors loaded in the fast device. Although Fleche and OpenEmbedding achieve
the highest hit ratio, it incurs 14.3% embedding movement overhead between NVM and DRAM due to cache
thrashing, resulting in 37% training performance slowdown, as shown in Figure 2(e).
In contrast, recommendation model training ofers a unique advantage: the entire dataset is known before

training begins [37]. This allows us to collect access traces in advance and construct a placement strategy from a
global view, which achieves the optimal allocation of embeddings between DRAM and NVM. Moreover, since
embedding accesses in recommendation systems naturally occur at the vector level, this observation motivates a
placement strategy at the same ine granularity. By leveraging these properties, these observations motivate our
ine-grained placement strategy, which avoids the thrashing overhead of dynamic caching while achieving a
high hit ratio without online migration.

How to adapt to changes of embedding access patterns? The access patterns of recommendation systems
change with the arrival of daily new requests, as depicted in Figure 2(b). It is necessary to retrain the models
with new datasets collected daily or weekly to ensure accurate recommendations [45, 65]. Dynamic caching is
capable of incremental training with new datasets [2, 57, 66]. However, the excessive data movements between
DRAM and NVM during retraining negatively impact its performance. In contrast, static proiling techniques
can eliminate data movement overhead. But they are inherently unsupportive of incremental training because
embedding vectors are stored at ixed memory locations [33]. Alterations in data access patterns can undermine
the eiciency of dynamic caching and static proiling-based approaches. Hence, our design should dynamically
adapt to changes in data access patterns while preserving high cache hit ratios and access correctness.

How to provide crash-consistency on NVMs for DLRM training? Crash consistency is the recoverability
of persistent data from NVM in a consistent state after system failures. We can store checkpoints of DLRM states
in NVM to achieve high performance while still enforcing crash consistency. The irst approach is using NVMs
as block devices. Speciically, we can store checkpoints on NVM-based ile systems. However, it incurs training
performance degradation because the system still needs to write the checkpointing data to NVMs. The second
approach is using NVMs as memory devices. Embeddings and MLP weights can be directly persisted on NVMs
upon updates, eliminating the need for additional checkpoint writes. However, as shown in Figure 2(f), it does
not support crash consistency for two reasons. (1) Partial updates of embedding tables. If a failure occurs before
completing all updates to the billions of embedding vectors in the tables, the embedding tables will be partially
updated after the failure, leading to data inconsistency in NVM. (2) Inconsistent updates of correlated data. In each
DLRM training iteration, both MLP weights and embedding tables need updating (refer to Figure 1). If a failure

ACM Trans. Storage
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happens after writing MLP weights but before inishing writing embedding tables, the recommendation system
may observe stale embedding vectors, causing data inconsistency between MLP weights and embedding vectors.
Inconsistent data prevents recommendation systems from directly recovering memory states, even if they are
stored in NVM.

3 Design of NVrec

The design of NVrec is guided by three goals including maximizing cache hit ratios for data in DRAM, imple-
menting a dual-version mechanism to enable in-memory checkpointing and computation for data in NVM, and
supporting pipelined checkpointing for data in DRAM and HBM.

3.1 System Overview

Figure 3 shows the overview of NVrec. It consists of three key modules. For a training job, the pattern-directed
placement module analyzes the embedding access patterns oline, making the proper vector placement policy
on DRAM and NVM (ğ3.2). During subsequent job runs, the system utilizes hybrid data placement to enable
quick runtime vector accesses. Additionally, it leverages the in-memory checkpointing mechanism that uses a dual-
version scheme for fast checkpointing (ğ3.3). To further reduce the checkpointing time, the pipelined checkpointing
hides the checkpointing time behind the job training time (ğ3.4). Our contribution lies in co-designing these ideas
into an efective hybrid-memory framework by exploiting key characteristics of recommendation training, rather
than in proposing the underlying ideas as individually new. We describe the proposed three modules in detail in
the following sections.

3.2 Patern-Directed Vector Placement

NVrec partitions and stores embedding vectors in both DRAM and NVM. We utilize embedding locality to
determine storage locations, leveraging the skewed distribution of the embedding vectors. Consequently, the
vectors representing popular items are placed in DRAM to mitigate the long latency of NVM and leverage DRAM’s
high bandwidth, while the rest data are stored in NVM. The mechanisms described here capture the core design.
Other practical adaptations to speciic deployment settings (e.g., distributed training) are discussed in ğ5.9.

Pattern-directed vector placement. Previous techniques, such as dynamic caching and static proiling, often
sufer from high data movement overhead or poor DRAM utilization (discussed in §2.4). Although frequency-based

ACM Trans. Storage
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placement is an intuitive idea, NVrec makes it practical for recommendation workloads by applying it at the
ine-grained vector level. This design is non-trivial, as it requires handling billions of vectors with highly skewed
popularity distributions while keeping the oline placement construction eicient. To address these issues, we
design a ine-grained vector-oriented static proiling and placement scheme to store only popular vectors in
DRAM. For a recommendation system training job, we need to collect its vector access trace at the irst time
when the job is submitted. Each line in the trace records vector IDs and table IDs accessed by each user’s request.

The vector-oriented proiling and placement scheme has six steps. (1) We analyze the access pattern of
embedding vectors using the recorded traces oline without afecting ongoing training cycles. (2) We assign
a universal vector number to each embedding vector for the convenience of indexing. (3) We scan the traces
to collect the access frequency of each vector. (4) Given the DRAM size, NVrec places the popular vectors in
DRAM until it is full and places the rest of them in NVM. (5) We assign each vector a new ID based on its access
frequency. And (6) based on the vector ID remapping, we create a new dataset trace for the subsequent training.
For example, vector 5 can be renamed as vector 1 if the vector has the highest access frequency. The largest ID of
vectors in DRAM is named the threshold ID. In this way, it is more eicient for NVrec to determine the locations
of embedding vectors at runtime by comparing the vector ID to the threshold ID.

Complexity and cost analysis.We summarize the algorithmic complexity and scalability as follows. Assume
that � denotes the number of access records in the trace, � denotes the number of unique embedding vectors
(after assigning universal IDs), and � denotes the number of vectors that it in DRAM. In Steps (2)ś(3), we build
the ID index and count per-vector frequencies via a linear scan of the trace, taking � (�) time and � (� ) space
for per-vector counters. Selecting the Top-� popular vectors in Step (4) takes � (� log� ) time with full sorting.
In Steps (5)ś(6), we construct the old-to-new ID map in � (� ) time/space and rewrite the trace in � (�) time.
Overall, the oline time complexity is � (� +� log� ) and the space complexity is � (� ). As � grows, the cost is
dominated by a one-time � (� log� ) ranking. The remaining work consists of two linear trace scans (� (�)). The
� (� ) space is used for counters and the ID map. The measured overhead is reported in ğ5.8. At the same time,
due to the complexity of real-world systems, our analysis does not capture the full operational cost in large-scale
production environments, such as trace replication and concurrent access from multiple jobs. The proposed
vector placement policy provides a reasonably eicient preprocessing scheme than a naive placement approach.

However, in production-scale hyperscaler deployments, the same dataset may be concurrently accessed by
multiple users or applications and replicated across nodes or even datacenters. In such cases, vector renaming
may require non-trivial consistency, versioning, and coordination mechanisms, making it too costly or complex.
Therefore, NVrec focuses on scenarios where vector renaming can be performed with manageable overhead.

In-place vector updates for model retraining. Given the evolving nature of user preference, it is imperative
to periodically retrain the recommendation model [45]. NVrec takes advantage of this inherent property of
recommendation systems, where periodic retraining naturally provides updated access traces that can guide
vector relocation. In our target deployment scenarios, vector relocation is performed as an oline preprocessing
step before launching a retraining job. Each retraining job uses its own remapped trace and embedding layout
throughout training. NVrec does not target scenarios where multiple independent training jobs concurrently
share and modify the same embedding layout. However, adapting to changes by rebuilding embeddings is costly,
since a straightforward approach often allocates a large bufer for the new layout and migrates all data into
it, leading to substantial movement and memory allocation overhead between DRAM and NVM. To solve this
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Fig. 5. Crash consistency: journaling and copy-on-write. The embedding vectors are all stored on NVM in the figure.

challenge, we use in-place vector updates that only move the changed states in the original array to avoid the
costly allocation and deallocation of vectors in the memory. Upon the updated training data, the in-place vector
update requires the following steps, as shown in Figure 4. For clarity, ������ and ������ serve as the datasets’ old
and new versions, respectively. (1) Vector placement analysis: An oline vector-oriented proiling of embedding
vectors in ������ is conducted before retraining. (2) Creating an updated plan: We execute one of the three
procedures (Action I, II, or III) for each vector in ������

⋃
������ . Action I entails deleting vectors that are no

longer in use from memory, Action II involves moving low-frequency vectors from DRAM to NVM, and Action
III entails moving high-frequency vectors from NVM to DRAM. We maintain three queues, i.e., Queue I, II, and
III, to record the vectors for each action. (3) Plan execution: We execute the plan in the order of Queue I, Queue II,
and Queue III. Our experimental results indicate that in-place updating incurs only 0.3% time overhead (as in
ğ5.8), while the training throughput is increased by 5%.

3.3 In-Memory Checkpointing for Data in NVM

During training periods, NVrec needs to periodically save a portion of embedding tables in DRAM (EMB-DRAM),
the other portion of embedding tables in NVM (EMB-NVM), MLP weights in GPU HBM (Weight-HBM), and other

metadata in DRAM to persistent devices for failure recovery or retraining, as shown in Figure 3. We design
two checkpointing mechanisms to persist the training state for failure recovery and retraining: in-memory
checkpointing for EMB-NVM (described in this section) and pipelined checkpointing for the remaining data
(ğ3.4). We apply two diferent approaches for checkpointing EMB-NVM and the rest of training states. This is
because EMB-NVM already resides in persistent memory. For EMB-NVM, our optimization focuses on eiciently
capturing a recoverable snapshot. For the rest of the training states, checkpointing operations must copy them
from DRAM/HBM to persistent devices. Therefore, we use pipelined data movement for optimization.

For saving EMB-NVM, previous approaches adopt journaling [10] or copy-on-write (CoW) [12] to ensure crash
consistency. The journaling approach maintains alternative copies of original embeddings in a log, which stores
new data updates (redo logging) or old data values (undo logging). Upon failures, the system replays the logs to
restore. However, journaling requires writing data twice, incurring a signiicant loss of performance. In addition,
log replay increases the recovery time, reducing the fast recovery beneit of NVM [52].
CoW creates a new copy of the vector upon a write request rather than updating the data in-place. For data

consistency, it needs to update and persist the corresponding index periodically. For failure recovery, the system
loads the index and restores old vectors accordingly. However, because recommendation systems use a large
number of vectors, the time and space overhead is high for managing the indexes. For example, an embedding
dataset of 320 GB with vector dimensions of 32 needs 10 GB indexes.
To tackle these problems, inspired by previous work [11, 51], NVrec designs a recommendation-oriented

dual-version checkpointing mechanism for in-memory checkpointing. It maintains an untainted persistent vector
for recovery and a runtime vector that accepts direct updates on NVM. Once the runtime version is updated, it
can naturally serve as the next checkpoint, thereby eliminating additional checkpoint writes to persistent devices.
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Fig. 6. (a) Memory states ater training with NVrec; (b) Memory states ater checkpointing with NVrec. In this example, we
assume that vectors 3-7 are updated ater training.

Furthermore, all vectors are stored in pre-assigned locations in NVM, which avoids the signiicant index overhead
caused by dynamic allocation. Speciically, as illustrated in Figure 6, we store two kinds of EMB-NVM in NVM:
persistent data and runtime data. The persistent data remains read-only between checkpointing operations and
guarantees failure recovery, while the runtime data is continuously updated during training. NVrec maintains
two versions of EMB-NVM (version 0 and version 1), with each version consisting of both persistent data and
runtime data, and lightweight bitmaps are used to track which version is currently valid.
While dual-version designs have been explored in prior systems [11, 51], recommendation training poses

diferent challenges. First, the embedding access pattern in recommendation training makes dual-version indexing
more complex. Speciically, within a checkpoint interval, the same embedding may be accessed and updated
multiple times. After the irst update, the łreadž copy is no longer fresh, so subsequent reads and writes must be
routed to access the correct version (persistent vs. runtime). The training may read stale or inconsistent values if
the index is not correctly updated. In contrast, prior works typically read and write each item once per interval,
so a single version switch or index update is suicient. NVrecSecond, recommendation training involves orders
of magnitude more state data than the application states targeted by prior designs [11]. This scale makes per-item
tracking unavoidable and demands extremely low space and time overhead.
To address these challenges, NVrec proposes an access-aware lightweight dual-version design. It uses two

DRAM-resident lightweight bitmaps to track where each embedding’s persistent and runtime copies reside across
version 0 and version 1, enabling correct routing of accesses while minimizing metadata overhead.

The irst one is a bitmap of the version tag. Its bit indicates the location of the runtime data in NVM. For
example, in Figure 6(a), we assume the embedding vectors 0-2 are EMB-DRAM and vectors 3-7 are EMB-NVM.
We also assume that embedding vectors 3-7 need to be updated in training. The version tag is [0, 0, 1, 1, 0],
indicating that the runtime data of vectors 3, 4, 5, 6, and 7 are stored in versions 0, 0, 1, 1, and 0, respectively, in
NVM. The second one is a bitmap of the access record. Its bit indicates whether an embedding vector has been
updated after the previous checkpoint. For example, in the same igure, the access record is [1, 0, 0, 1, 1, 1, 1, 1],
indicating that the vectors 0, 3, 4, 5, 6, and 7 have been updated. Here, we design the bitmap for tracking vectors
to save space. Speciically, two bitmaps in our design only consume negligible 0.01% memory footprint for the
512-dimension vector (ğ5.8). Moreover, lightweight indexes are accessed rapidly due to their small size, making
the access time negligible compared to vector accesses.
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Training. In training, requests may access either EMB-DRAM or EMB-NVM. For the requests accessing
EMB-DRAM, we read and update embeddings directly. We incrementally save checkpoints of EMB-DRAM on
NVMs. Its optimization is described in ğ3.4. For requests reading EMB-NVM, the system must determine where
the most up-to-date value resides. If the embedding vector has been updated since the last checkpoint, as indicated
by the bitmap of the access record, its runtime data is used to serve the request; otherwise, the persistent version
already holds the latest value and is accessed directly. For writes, we always use the runtime data to serve the
requests. The detailed worklow is shown in Figure 7.

Training example.We continue using the example in Figure 6(a) for illustration. When vector 3 is accessed,
NVrec inds its corresponding access record marked as ł1ž, indicating that it has already been updated since
the last checkpoint and thus its latest value resides in the runtime data. Furthermore, because the version tag of
vector 3 is equal to 0, meaning that its runtime location is in version 0, the system reads its value from version 0
and writes the updated data back to the same place.
Checkpointing and recovery of EMB-NVM. In the checkpointing process, NVrec needs to save training

superparameters, including the random seed for the dataset, training epochs, the number of training iterations, and
other parameters. For EMB-NVM, the system simply saves the current version tag to NVM and, for embeddings
marked as updated in the access record, reverses their corresponding version tag in DRAM. In the end, it will
reset the access record to ł0ž for all the vectors. Figure 6(b) shows the memory states in NVM after checkpointing
in the above example.
For recovering EMB-NVM upon failures, NVrec needs to map version 0 and version 1 to process address

space. Then, it reads training superparameters. After that, it reads persisted version tag from NVM to DRAM and
initializes the access record with ł0ž. Finally, NVrec can continue training where the system is left of.

Checkpointing and recovery of EMB-DRAM. To save memory bandwidth, we use the incremental check-
pointing technique for saving EMB-DRAM. Speciically, NVrec will save the whole EMB-DRAM in the irst
checkpoint as the full baseline. In the subsequent checkpointing, it scans the access record and only the embedding
vectors marked as ł1ž in the bitmap are asynchronously saved to NVM, as in ğ3.4. To reduce space consumption
and recovery overhead, the baseline and incremental vectors are periodically merged into a new baseline. For
failure recovery, we can rebuild EMB-DRAM using the recent baseline checkpoint and delta values saved in the
following checkpoints.

Checkpointing and recovery of Weight-HBM in GPU. To save Weight-HBM, we create a bufer in DRAM.
The Weight-HBM is copied to the bufer and saved to NVM, as in ğ3.4. For failure recovery, we read the saved
Weight-HBM from NVM to GPU to rebuild the networks.
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3.4 Fine-Grained Pipelined Checkpointing for Other Data

The dual-version checkpointing can achieve in-NVM checkpointing with low overhead for EMB-NVM. However,
NVrec still needs to save Weight-HBM, EMB-DRAM, and other metadata structures (e.g., version tag, random
seed, and training iteration) to NVM. A direct method is to perform non-pipelined (synchronous) checkpointing,
where the checkpointing operations and the subsequent model training are executed serially, as shown in
Figure 8(a). However, this approach can be expensive due to the longer write latency of NVM as compared to
DRAM. Since these training states reside in diferent memory domains (GPU HBM, DRAM, and NVM), eiciently
persisting them requires a recommendation-speciic adaptation of pipelined checkpointing rather than a generic
asynchronous scheme. In this section, we describe how NVrec adapts pipelined checkpointing to hide the
persistence cost of such data behind training time.

Naive pipeline mechanism. As shown in Figure 8(b), we irst design a naive pipeline mechanism to transform
the non-pipelined checkpointing to a pipelined (asynchronous) process by introducing an in-DRAM bufer. When
pipelined checkpointing starts, NVrec copies the updated Weight-HBM, EMB-DRAM, and metadata to the
checkpointing bufer in DRAM. Then, it asynchronously moves these data from the checkpointing bufer to
NVM. Meanwhile, NVrec can resume model training in parallel with the asynchronous data transfer, as [17, 44]
do. However, the naive pipeline needs to irst transfer the Weight-HBM from GPU to DRAM and then to NVM,
leading to long data movement latency.
Fine-grained pipeline mechanism. To seek opportunities for further parallelism, we persist the Weight-

HBM to NVM bypassing the DRAM bufer. As shown in Figure 8(c), we overlap Weight-HBM writes with the
copying of EMB-DRAM and metadata to reduce the checkpointing overhead. To achieve a high GPU-NVM
access performance, we coalesce the direct access (DAX) feature of NVM and the uniied virtual addressing
(UVA) technique to map NVM into the GPU virtual address space. We disable data direct IO (DDIO) to control
the destination of GPU writes via PCIe and use GPU fence instruction (i.e., threadfence) to guarantee data
persistence [48]. Our experimental results show that the ine-grained pipelined checkpointing can further reduce
40% and 20% checkpointing time compared to the synchronous and naive pipeline solutions (ğ5.4).

Challenges.We aim to overlap model training with asynchronous data transfer. However, this introduces a
challenge. During checkpointing, requests that access EMB-DRAM can be served by in-place updates, since their
checkpoints have already been copied to the checkpoint bufer. In contrast, requests accessing EMB-NVM cannot
directly update vectors on NVM, because there is no additional indexed location to accommodate the new data, as
shown in Figure 10(a). For example, assume that a new write request arrives, we cannot overwrite it until version
T1’s checkpoint bufer is fully written to NVM. Otherwise, since T1 is not yet recoverable, we cannot write to its
location; however, overwriting vectors of T0 version would remove the only valid checkpoint and risk data loss.
To address this issue, NVrec serves write requests to EMB-NVM using a delta bufer in DRAM, as shown in

Figure 10(b). We write the new data to the delta bufer instead of the NVM. To ensure that subsequent accesses
observe the most up-to-date state before these bufered updates are persisted, NVrec serves read requests from
the delta bufer irst. If it misses in the bufer, the requested data will be read from NVM. Our experimental results
show that 99% of vectors can be found directly from the delta bufer. Moreover, since the delta bufer is small, the
overhead of searching the bufer is negligible (ğ5.8).

Fine-grained synchronization mechanism. When checkpointing data transfer is completed, NVrec trans-
fers the updates from the delta bufer to EMB-NVM in the background. At this point, write conlicts may occur
between the model training process and the delta-bufer transfer thread when they access the same embedding
vector, potentially pausing model training until the entire delta bufer has been written back, as illustrated in
Figure 9(a). Speciically, suppose the delta bufer contains three vectors Vec0, Vec1, and Vec2, and the training
thread issues a new write to Vec1 while the bufer is being transferred to NVM. Under bufer-level synchronization,
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Fig. 9. Comparison between bufer-level and fine-grained vector-level synchronization.

the training thread must wait for the entire bufer transfer to complete before serving the write to Vec1, leading
to a synchronization delay of 3� , where � is the transfer time of one vector.
To reduce this synchronization overhead, we design a ine-grained vector-level synchronization mechanism

that provides two beneits: (1) it ensures correctness while avoiding unnecessary waiting by synchronizing only
on the conlicting vector. As shown in Figure 9(b), if the training thread writes a vector that is not currently
being transferred (e.g., Vec1 while Vec0 is being lushed), the new update can be served directly in the delta
bufer without waiting. (2) If the write conlicts with the vector currently under transfer, as shown in Figure 9(c),
the training thread only waits until that speciic vector inishes transferring to NVM, and then serves the new
write. In this case, the synchronization delay is reduced from 3� to � . In our evaluated setting on Criteo, ine-
grained vector-level synchronization reduces the latency of a checkpoint operation by about 5% compared with
coarse-grained bufer-level synchronization, with the experimental setup described in ğ5.1.

Crash analysis during delta-bufer asynchronous transfer. If the system crashes while the delta bufer in
volatile DRAM is being written to NVM, crash recovery is still guaranteed. Speciically, recovery rolls the system
back to the most recent committed checkpoint. For example, in Figure 10(b), once the �2 delta bufer (the blue
DRAM entry) starts being lushed from DRAM to NVM, it implies that all checkpoint data of version �1 have
already been durably persisted in NVM. Therefore, �1 is the latest committed checkpoint, and the old �0 location
can be reused for future writes. If a crash occurs while the �2 delta bufer is still being lushed, recovery rolls
back to checkpoint version �1. In this case, the lost training progress is limited to the updates generated after �1,
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including the uncommitted �2 delta-bufered updates that have not yet become durable. After recovery, training
resumes from the recovered �1 state. We further validate this recovery semantics in ğ5.5 through crash-injection
experiments at diferent stages of asynchronous transfer.

4 Implementation

We implement NVrec in C++. Overall, our implementation consists of three components: (i) a DLRM training
stack on GPU, (ii) embedding storage and access on a DAX-enabled NVM space, and (iii) checkpointing and
persistence mechanisms for diferent platforms (ADR/eADR).
(i) DLRM training stack. Similar to PyTorch [50], we use cuDNN [47] and cuBLAS [13] to build DLRM.
Speciically, we deine the DLRM network architecture and its dependencies across layers, and instantiate the
associated training states, including model parameters and optimizer states.
(ii) Embeddings on NVM. We deploy NVM in App Direct mode with a DAX-aware ile system (e.g., ext4). We
create an embedding ile, allocate space via posix_fallocate(), and use STL vectors to support dynamic array
management.
(iii) Data movement and GPU-to-NVM support. For general training, we transfer data between NVM and
DRAM using memcpy(), and move data between host memory and GPU HBM using cudaMemcpy(), consistent
with common implementations in PyTorch/TensorFlow. For pipelined checkpointing, our design can additionally
leverage a direct GPU-to-NVM path by combining DAX with GPU uniied virtual addressing (UVA) to map NVM
into the GPU virtual address space. We disable DDIO to steer PCIe writes to NVM and use GPU fences (e.g.,
threadfence) to enforce persistence ordering [48]. This GPU-to-NVM path assumes a UVA-capable NVIDIA GPU
and an Intel server platform where DDIO can be conigured. In CUDA, UVA is available in 64-bit processes on
NVIDIA GPUs with compute capability ≥ 2.0 (i.e., Fermi and newer GPU architectures [46]). DDIO is supported
on Intel Xeon server platforms (e.g., Xeon E5/E7 v2 [23] and modern Xeon Scalable CPUs such as Xeon Gold
5218R [25]), typically conigurable via BIOS [22].
(iv) Persistence on ADR/eADR platforms. On ADR platforms, we use _mm_clwb to lush cache lines to NVM
and _mm_sfence to enforce ordering at the end of checkpointing. On eADR platforms, persistence is guaranteed
once data reaches the CPU LLC; thus we omit explicit lush/fence to simulate eADR execution [27, 39].

5 Evaluation

5.1 Experimental Setup

Experimental platforms.We run NVrec on a server with 2×Intel Xeon Gold 5218R processors, 64G RDIMM
DDR4 DRAM, 4×128GB Intel Optane NVM, and a NVIDIA A100 GPU with CUDA 11.6.

Datasets and models. We use the real-world datasets and synthetic datasets to evaluate the performance of
NVrec. The real-world datasets include the open-source Avazu [1] (10 days) and Criteo [30] (7 days). We set their
embedding dimension as 512. Avazu has 22 tables and a total of 9 million embeddings with a memory footprint
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of 18 GB. Criteo has 26 tables and a total of 33 million embeddings which has a memory footprint of 64 GB. For
synthetic datasets, we generate embedding vectors subjecting to a power law distribution and set the � as -2 to
cater to the characteristics of real-world datasets for 10 days [57]. Besides, its embedding dimension is 512 and its
embedding table count is 26 with 79 million embeddings, which needs 150 GB memory. We randomly assign each
embedding vector to an embedding table. Moreover, we evaluate NVrec on DLRM [16] and set the dimension of
the left and right MLPs as 512-256-2 and 512-256-64-16, respectively.

Compared systems.We implement several recommendation systems for comparison. For embedding place-
ment, HugeCTR maintains an LRU cache for each embedding table to dynamically cache its hot vectors [2]. Fleche
and OpenEmbedding build one global LRU cache to capture the global hotspots of all tables [8, 57]. EMB-SSD (ES)
takes a static approach to identify popular tables and places them in DRAM [33].

For checkpointing, Check-N-Run uses incremental checkpointing [17]. Speciically, the Check-N-Run follows
a two-step process. Firstly, it saves all model states as a complete baseline checkpoint in NVM. Secondly, it
copies any updated embedding vectors and weights to a delta bufer in DRAM and asynchronously transfers
the bufer to NVM during checkpointing. When recovering the model, Check-N-Run reads the baseline and
merges consecutive incremental checkpoints from NVM. If not speciied, HugeCTR, Fleche, and EMB-SSD use
this Check-N-Run mechanism as their checkpointing design.

NV-Checkpoint (NVCkpt) [12] utilizes Copy-on-Write and maintains two sets of indexes for EMB-NVM: one in
DRAM for training and the other persisted in NVM for recovery. When writing data, it creates a new copy of
the updated embedding in NVM and updates the DRAM index. During checkpointing, it persists the EMB-NVM
index and asynchronously persists the incremental EMB-DRAM from DRAM to NVM.
OpenEmbedding (OpenEMB) uses DRAM as a cache and NVM as storage, employing a co-design approach

for checkpointing and cache replacement. Volatile vectors in DRAM are actively lushed to NVM when being
accessed, while the remaining vectors are passively lushed periodically [8]. Checkpointing is considered complete
only after all DRAM checkpoint vectors are written to NVM.

For model retraining, we implement NVrec-Online. It incrementally trains the model using the in-place vector
update (ğ3.2) with the trace collected from each day. In contrast, for NVrec and other systems, we merge all the
traces from each day and train the model using the merged trace. Thus, we do not need to update embedding
vectors for NVrec.

Other conigurations. In recommendation systems, checkpointing frequency is often determined by a ixed
amount of training progress, such as a given number of data samples [16], or derived using failure-aware models
such as the YoungśDaly formula based on the system failure rate [53]. Accordingly, our evaluation covers both
settings. By default, all systems checkpoint after making the same amount of training progress (i.e., a ixed
number of iterations as in [44], implemented as every 5% of data samples) to ensure an identical number of
checkpoint operations across methods for fair comparison. We also evaluate multiple checkpoint frequencies
in ğ5.7 to show how checkpoint interval afects system throughput. As a complementary analysis, we further
use the YoungśDaly model to derive near-optimal checkpoint intervals under diferent failure assumptions, and
present the details in ğ5.4. If not speciied, the cache size for counterparts or the size of DRAM space for NVrec is
set to 1% of the size of embedding vectors, and the batch size is 2048. Besides, we also evaluate the performance
of NVrec under diferent cache sizes in ğ5.7.

5.2 Overall Performance

We compare the whole training throughput of NVrec against the ive counterparts across three datasets. We omit
the comparisons of HugeCRT+NVCkpt and Fleche+NVCkpt because NVCkpt cannot support dynamic caching.

As shown in Figure 11(a)-(c), NVrec achieves 1.05-1.47×, 1.12-2.13×, and 2.21-6.30× speedup over counterparts
on the Avazu, Criteo, and Synthetic datasets, respectively. There are three reasons for NVrec’s performance
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Fig. 11. Overall training throughput with the cache size (size of embeddings in DRAM) increased from 0.1% to 5% (based on the DRAM-to-

NVM ratio of modern servers [58]) across the three datasets. Figures (a)-(c) and Figures (d)-(f) are conducted with NVM in the ADR and

eADR modes. The throughput improvement of NVrec and NVrec-online comes from the combined efect of embedding placement and

checkpointing optimizations.

improvements. First, HugeCTR+CNR, Fleche+CNR, and OpenEmbedding utilize cache to store the popular
embeddings in DRAMs. If a cache miss happens, they need to read embeddings from NVM to DRAM and then to
the CPU cache, thus increasing the end-to-end latency signiicantly. Second, they achieve 24.6%, 16.4%, and 16.4%
lower cache hit ratio than NVrec, respectively, as shown in Figure 12(b). Third, they have a longer checkpointing
time than NVrec. The irst two factors mainly relect the beneit of NVrec’s placement in reducing embedding-
access cost, while the third factor captures the additional gain from faster checkpointing, as shown in Figure 12(a).
Detailed analyses are provided in ğ5.3 and ğ5.4. checkcheck

Besides,NVrec observes 1.08-3.89× and 1.05-3.72× throughput improvement across the three datasets compared
to ES+CNR and ES+NVCkpt, respectively. The main reasons are higher cache hit ratios as shown in Figure 12
and better checkpointing performance.
Another observation is NVrec achieves better performance on larger datasets because the recommendation

systems spendmore time on checkpointing. Consequently, in-memory checkpointing inNVrec has more potential
to reduce the checkpointing time. The other observation is that the performance of NVrec does not always
increase as more DRAM space is allocated. For example, on Criteo, the throughput of NVrec decreases from 64.7
to 61.2 samples/ms when the cache size is increased from 0.1% to 1%. Then, it is increased to 62.4 samples/ms at
5% cache size. The reason is that the throughput is afected by two factors, including embedding access time and
checkpointing time. Allocating more DRAM space increases the cache hit ratio thus reduces the embedding access
time. At the same time, it increases the checkpointing time because NVrec needs to transfer more embeddings
from DRAM to NVM.
We also conduct experiments to verify the efectiveness of the model retraining when vector access patterns

change. The experimental results show that NVrec-Online can achieve averaged 1.04× performance improvement
compared to NVrec. It is because NVrec-Online adapts to new data access patterns through vector rebuilding,
which increases the cache hit ratio, as shown in Figure 12(b).

Analyzing NVrec on eADR. Intel announces enhanced ADR (eADR) for Optane DC Persistent Memory.
eADR feature (extended ADR) will drain the entire CPU cache contents to NVM after power failures which
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Fig. 12. (a) Training throughput with checkpointing enabled vs. disabled and (b) hit ratio under diferent cache sizes. The
shaded region indicates the throughput degradation introduced by enabling checkpointing (i.e., the checkpoint overhead).

will obviate the need to lush caches from the CPU [27]. We also investigate how eADR will impact NVrec.
Speciically, NVrec outperforms HugeCTR+CNR, Fleche+CNR, OpenEmbedding, ES+CNR, and ES+NVCkpt by
1.37-6.85×, 1.25-6.41×, 1.21-3.12×, 1.07-4.30×, and 1.05-3.14×, respectively. NVrec on eADR achieves 1.05× higher
training throughput than that on ADR because NVrec on eADR does not need to use clwb and fence.

5.3 Impact of Vector-Oriented Placement

We analyze the beneit of vector-oriented data placement policy here. We train models on Criteo disabling the
checkpointing operations. Figure 12(a) shows the training throughput across 0.1%, 1%, and 5% DRAM cache sizes,
respectively. NVrec outperforms HugeCTR, Fleche, OpenEmbedding (OpenEMB), and EMB-SSD by 2.02×, 1.75×,
1.75×, and 1.28× respectively. NVrec achieves the best throughput because it has the highest hit ratio among all
cache sizes as shown in Figure 12(b). The hit ratios with the vector-oriented data placement are up to 56%, 16%,
16%, and 24.6% higher than those of HugeCTR, Fleche, OpenEmbedding, and EMB-SSD, respectively. This result
indicates the eiciency of the vector-oriented placement scheme of NVrec. Moreover, NVrec-Online improves
1.05× performance compared to NVrec.

5.4 Study of Checkpointing Performance

First, we compare the overall checkpointing performance of NVrec to the state-of-the-art checkpointing tech-
niques including Full-CKPT-SSD in which all embeddings are stored in SSDs for checkpointing, Full-CKPT-NVM in
which all embeddings are stored in NVM for checkpointing, Check-N-Run [17], NV-Checkpoint [12], and Open-
Embedding [8]. Full-CKPT-SSD is the default checkpointing approach used in PyTorch [49] and TensorFlow [54].
For a fair comparison, we use the vector-oriented data placement policy together with all the checkpointing
techniques.

From Figure 13, we have six observations. (1) NVrec improves the checkpointing performance by 449-3332×,
250-1830×, 6.3-58×, 5.6-21×, and 5-12.7× compared to Full-CKPT-SSD, Full-CKPT-NVM, Check-N-Run, OpenEm-
bedding, and NV-Checkpoint, respectively. (2) Full-CKPT-SSD and Full-CKPT-NVM have long checkpointing
latency because they need to write the whole embeddings and MLP weights to checkpoints. (3) Compared to
Check-N-Run that only persists the updated embeddings, NVrec improves the checkpointing performance by
25.5× on average. The reason for NVrec’s advantage is that it eliminates the persistence overhead for embeddings
in NVM. (4) NVrec outperforms OpenEmbedding in checkpointing for two reasons. First, OpenEmbedding incurs
performance degradation by forcibly writing EMB-DRAM back to NVM on the critical path during checkpointing.
Second, OpenEmbedding requires a two-step process: irst writing Weight-HBM in DRAM, then persisting it
in NVM. In contrast, NVrec mitigates the persistence cost of EMB-DRAM and Weight-HBM by introducing
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a ine-grained pipeline mechanism, efectively hiding these costs. (5) NVrec achieves better checkpointing
performance than NV-Checkpointing for two reasons. First, more index data in NV-Checkpointing need to be
persisted during checkpointing. Speciically, it consumes 4 bytes per vector for indexing, while NVrec uses only 1
bit tag version. Second, NV-Checkpointing needs to release numerous old embeddings on the NVM after the new
index is persisted, which incurs additional time overhead. (6) NVrec can further reduce checkpointing overhead
when storing more embeddings in NVM. For example, the checkpointing time decreases from 161 ms to 19 ms
when the ratio of embeddings in NVM changes from 95% to 99.9%.

Next, we evaluate the impact of individual checkpointing optimizations. We compare NVrec against four
checkpointing approaches: CNR (Check-N-Run), NV-CKPT (NV-Checkpoint), +Dual, which uses dual-version
checkpointing for EMB-NVM and non-pipelined checkpointing for other data, +Pipe, which irst transfers Weight-
HBM, EMB-DRAM, and metadata to a DRAM bufer and then asynchronously persists them to NVM, and +All,
which combines dual-version checkpointing with the ine-grained pipelined checkpointing described in ğ3, where
Weight-HBM is persisted directly to NVM by bypassing the DRAM bufer. We also include Oracular, which
disables checkpointing to provide the best-case training performance. Figure 15(a) shows the impact of these
techniques on training throughput on Criteo. We make three observations. (1) Compared to CNR and NV-CKPT,
+All improves training throughput by 1.13× and 1.11×, respectively. (2) +All further improves training throughput
by 5.6% and 2% compared to +Dual and +Pipe, respectively, because ine-grained pipelined checkpointing hides
the checkpointing latency of embeddings in DRAM andMLP weights in HBM. (3) +All incurs only 5% performance
loss compared to Oracular.
Checkpoint-interval sensitivity under the YoungśDaly model. We further evaluate all systems using

checkpoint intervals derived from the YoungśDaly formula. For each system, we measure its checkpoint cost

� and compute the near-optimal checkpointing interval as � ∗ ≈
√
2�� , where� is the Mean-Time-to-Failure

(MTTF). To improve the generality of the evaluation, we consider four representative MTTF settings ranging from
frequent to infrequent failures (5, 15, 30, and 60 minutes), and report the resulting end-to-end training throughput.
Figure 14 shows the resulting training throughput. We make three observations. First, Full SSD (Full-CKPT-SSD)
and Full NVM (Full-CKPT-NVM) achieve relatively low throughput because they checkpoint the entire training
state, and the large volume of checkpointed data causes substantial training stalls. Second, NVrec consistently
achieves the highest throughput across all MTTF settings, beneiting from both its eicient vector placement and
its lightweight checkpoint design. Third, when ixing the same vector placement strategy, the gap among NVREC,
NVrec (+NV-CKPT), and NVrec (+CNR) is larger under smaller MTTF. This is because checkpointing becomes
more frequent in this regime, making the advantage of NVrec’s checkpoint mechanism more pronounced. As
MTTF increases, checkpointing becomes less frequent, and the gap correspondingly narrows.

5.5 Recovery Evaluation

Comparisons of recovery time. We next evaluate the recovery time of diferent checkpointing approaches on
Criteo. We force training to stop halfway to simulate a system crash and immediately recover the model state. The

ACM Trans. Storage



20 • P. Chen et al.

5 15 30 60
MTTF (minutes)

0

10

20

30

40

50

60

70

Tr
ai

ni
ng

 th
ro

ug
hp

ut
 (s

am
pl

es
/m

s)

HugeCTR (+CNR)
Fleche (+CNR)

EMB-SSD (+Full SSD)
EMB-SSD (+Full NVM)

OpenEMB
EMB-SSD (+CNR)

NVREC (+CNR)
NVREC (+NV-CKPT)

NVREC
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� is the average checkpoint cost, and� is the MTTF. Results are shown at 1% cache size on Criteo for MTTF values of 5, 15,
30, and 60 minutes. Methods are denoted as łBase (+Checkpoint)ž, where the prefix indicates the vector placement used in
this work, and the term in parentheses specifies the checkpointing mechanism.

recovery process includes reading checkpoint data from persistent devices and restoring them to their runtime
locations. As shown in Figure 15(b), NVrec reduces recovery time by 23×, 17×, 16×, 3×, and 1.2× compared with
SSD-CKPT (Full-CKPT-SSD), NVM-CKPT (Full-CKPT-NVM), CNR (Check-N-Run), OpenEMB (OpenEmbedding),
and NV-CKPT (NV-Checkpoint), respectively. NVrec achieves this reduction because CNR must rebuild memory
states from incremental checkpoints, OpenEMB spends substantial time scanning all embedding entries in NVM
and discarding non-checkpoint data, and NV-CKPT requires loading an additional index. In contrast, NVrec
only needs to read the lightweight version tag in NVM to locate persistent embeddings for recovery, without
triggering a large amount of I/O from storage devices.
Recovery analysis under asynchronous-transfer crashes. To further evaluate recovery behavior in the

most vulnerable failure window, we inject crashes at diferent stages of asynchronous transfer, including before
asynchronous transfer, at the start of asynchronous transfer, in the middle of asynchronous transfer, and after
asynchronous transfer. Table 2 reports the rollback version, recovery time, lost training iterations, and whether
the recovered state is valid. The results show that when a crash occurs before or during asynchronous transfer,
the system rolls back to the latest committed checkpoint �0, because checkpoint version �1 has not yet become
fully durable. In contrast, when a crash occurs after asynchronous transfer, recovery rolls back to checkpoint
version �1, since its checkpoint data have already been persisted to NVM. Across all crash points, the recovery
time remains stable, ranging from 3.36 s to 3.44 s. The number of lost training iterations increases from 12 to 24
and 39 as the crash point moves later within the uncommitted transfer window, because more training progress
has accumulated after checkpoint version�0 while�1 is still not recoverable. After asynchronous transfer, the lost
iterations decrease to 5, since the system can already recover from checkpoint version�1 and only a small amount
of progress after �1 is lost. In all tested cases, the recovered state is valid and training can resume normally.

5.6 Analysis of Checkpointing Frequency

Impact of checkpointing frequency. To study the impact, we reduce the checkpointing frequency from
checkpointing after training every 5% of data samples to checkpointing after training every 20% of data samples.
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Fig. 15. (a) Impact of individual optimization. (b) Recovery time with diferent approaches. The recovery time (s) is normalized
to that of NVrec. Wall-clock time is shown on the top of each bar.

Table 2. Recovery behavior under crashes at diferent stages of asynchronous transfer of the non-NVM portion of checkpoint
version �1 (e.g., data in DRAM and HBM) in Figure 10.

Crash point
Rollback

version

Recovery

time

Lost

iterations

Recovered

state valid

Before asynchronous transfer �0 3.38 s 12 Yes

At the start of asynchronous transfer �0 3.41 s 24 Yes

In the middle of asynchronous transfer �0 3.44 s 39 Yes

After asynchronous transfer �1 3.36 s 5 Yes

We use the vector-oriented data placement in compared systems for fair comparison expect for OpenEmbedding
because it is designed for dynamic caching. Figure 17(a) shows that NVrec outperforms all counterparts. NVrec
has increased beneit as the checkpointing time is increased.

5.7 Sensitivity Analysis

Impact of real-time drift in userśitem popularity.We evaluate NVrec under real-time drift in userśitem
popularity to quantify the impact of not being able to perform timely proiling and embedding placement re-
optimization. On the 7-day Criteo dataset, NVrec is proiled only on Day 1 dataset and keeps the Embedding
vector placement ixed thereafter. Figure 16 shows that NVrec’s throughput slightly decreases over days but
remains the highest among all counterparts, while HugeCTR, Fleche, and OpenEMB achieve lower yet stable
throughput, because they incur additional overhead from cache thrashing. NVrec-Online re-proiles on the
current training data and serves as an oracle upper bound. NVrecmatches NVrec-Online on Day 1 and gradually
diverges as drift increases, but the gap remains within 9% overall.
In summary, NVrec is particularly well suited to periodic retraining worklows widely adopted in industry

(e.g., Amazon [5], Alibaba [19, 64], and Tencent [70]), making NVrec (NVrec-Online) a practical choice for
production deployment since proiling can be run before each retraining cycle. Moreover, when hot-data migration
is relatively slow, NVrec does not require frequent proiling: moderate popularity drift has limited impact on
training performance, and in practice the proiling interval can be tuned to match workload dynamics and system
constraints.
Impact of embedding dimension and batch size . Figure 17(a) demonstrates that NVrec outperforms

all counterparts across various embedding dimensions and batch sizes. Additionally, increasing embedding
dimensions slows down training performance as larger vectors are accessed, bottlenecking memory bandwidth.
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Fig. 16. Throughput of recommendation systems on the 7-day Criteo dataset under real-time drit in userśitem popularity.
The x-axis denotes the day index (models are trained on the union of dataset from the first N days). For NVrec and EMB-SSD,
profiling is performed only on the Day 1 dataset and its overhead is included in the reported throughput; NVrec-Online is
an oracle variant that profiles on the most recent training dataset. Other systems do not require profiling. Results are shown
for cache sizes of 0.1%, 1%, and 5%.

Impact of large cache size. We conduct the evaluation with large cache sizes to verify NVrec’s performance
at various DRAM-to-NVM ratios, simulating diferent system conigurations in real-world environments. We
observe that NVrec still outperforms all the best counterpart by up to 1.6× when the cache size is increased from
20% to 80%.

5.8 Overhead Analysis

DRAM space cost. NVrec maintains two bitmaps: version tag and access record. The version tag indicates the
locations of the persistent and runtime data for each embedding vector. The access record keeps the embedding
update history. Each bitmap needs at most 9 MB memory for the largest synthetic dataset in our experiments. We
also introduce a delta bufer to store the updated embeddings during checkpointing. In our experiments, the size
of the delta bufer is up to 190 MB on the largest synthetic dataset, which is signiicantly small compared to the
size of embedding tables (i.e., 150 GB).

NVM space cost. As shown in Table 3, PyTorch, TensorFlow, and OpenEmbedding need additional 1× NVM
space to store the checkpointing of model parameters. Check-N-Run consumes more than 1× NVM space to save
model states, including a full baseline checkpoint (i.e., all EMB-NVM) and the delta embeddings. NV-Checkpoint
needs to pre-allocate a memory pool as large as possible to reduce data allocation and release time, which may
consume up to 1× more NVM space for the best training performance. In contrast, NVrec maintains a full copy
of the model parameters together with lightweight metadata (e.g., a 1-bit version tag per vector). Even in the
extreme case of a 1-dimensional vector, which requires 32 bits, the additional space overhead of the version tag is
below 3%. For higher-dimensional vectors, this fraction quickly diminishes, making the space cost practically
negligible.
Ofline proiling time. NVrec needs to oline proile the popularity of embedding vectors and update the

vector placement before training, as described in ğ3.2. In our experiments, we spend less than 30 seconds proiling
the Criteo. Moreover, NVrec can inish the proiling within 9 minutes for TB-scale embeddings (Figure 17(b))
with multi-threading, which is negligible compared to the long time model training (i.e., less than 1%).
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Fig. 17. (a) Sensitivity analysis on the Criteo dataset. (b) Profiling time.

5.9 Applicability Discussion

Applicability to distributed training. We currently implement and evaluate NVrec on a stand-alone server.
We also outline how the design could be extended to distributed deployments. In a typical distributed setup, the
MLP networks are replicated across GPUs, while the embedding tables are partitioned across servers and stored in
hybrid memory [4]. In this setting, NVrec can apply vector-oriented placement on each server, keeping popular
vectors in DRAM while balancing load across servers, and can use in-memory and pipelined checkpointing to
persist each server’s memory states. However, achieving a well-optimized solution in large-scale production
systems would require additional engineering support and customization to the characteristics of the target
system.
Speciically, supporting distributed proiling and in-place vector updates requires additional engineering

adaptation and introduces some communication overhead. When training data is sharded across storage nodes
and streamed by CPU data workers, NVrec can parallelize the access proiling in Section 3.2. Speciically, each
worker scans its local shard and sends a per-ID summary to an aggregator node (elected among training nodes),
which merges summaries to derive the popularity for ������ . Given these statistics, each embedding server
generates an in-place update plan only for its local embedding partition (Queue I/II/III in ğ3.2) and executes it
locally, moving changed vectors. The resulting metadata (placement/ID mapping) is broadcasted for consistent
lookup.

We aggregate� (��) summary entries and broadcast� (�) messages recording the remapping/placement data.
If remapping migrates vectors across nodes, we additionally transfer � (�mig) vectors. Here,� is the number of
CPU data workers, � is the number of IDs reported per worker, � is the number of vectors whose placement/ID
mapping changes, and �mig is the number of migrated vectors. On modern high-bandwidth interconnects, the
transfer time can be upper-bounded by �comm ≲ (�� ·� +� ·�� +�mig ·�vec)/�net, where � and �� are the bytes
per summary and per remapping entry, �vec is the bytes per vector, and �net is the efective network bandwidth.
However, NVrec does not aim to cover all distributed deployment scenarios. For deployments in which the

same dataset or embedding table is concurrently shared by multiple users, applications, or long-running training
jobs, vector renaming may require non-trivial consistency mechanisms. Therefore, NVrec focuses on scenarios
where vector renaming can be performed oline before retraining with manageable overhead. Speciically, a
retraining job uses its own remapped trace and embedding layout throughout training, rather than concurrently
sharing and modifying the same embedding layout with other independent training jobs.

Applicability to diferent failures. There are diferent types of failures in production clusters [17] for model
training. For power outages, NVrec can restart the application after reboot and recover training states from the
persisted data in NVM. For network issues and non-NVM hardware failures, NVrec can migrate devices to new
servers and recover model states from NVMs [24].

ACM Trans. Storage



24 • P. Chen et al.

Table 3. Additional NVM space consumption of diferent checkpointing mechanisms.

Scheme Extra NVM Space Notes

PyTorch 1× One full copy of embeddings for checkpointing
TensorFlow 1× One full copy of embeddings for checkpointing
OpenEmbedding 1× One full copy of embeddings for checkpointing
Check-N-Run 1×-N× Full baseline copy + delta embeddings
NV-Checkpoint 1×-2× Pre-allocated memory pool
NVrec 1×-1.03× Dual-version (EMB-NVM) + pipelined checkpointing (others) + version tag
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Fig. 18. NVrec applicability across memory architectures. (a) Hybrid memory with local DRAM+NVM. It does not use
CXL. (b) CXL-based hybrid memory where the CXL-atached tier is persistent. (c) CXL-based hybrid memory where the
CXL-atached tier is volatile.

NVrec needs to ensure cross-node consistency. Speciically, during training, NVrec writes updates only to
the runtime version, while the persistent version remains read-only as the last committed checkpoint. If a node
failure is detected early (e.g., via heartbeat monitoring) before a checkpoint is committed, recovery simply reloads
the persistent version. When a checkpoint is triggered, all processes synchronize at a global barrier, and the
checkpoint becomes recoverable only after every node reaches the barrier and commits the same checkpoint
version. Then, each node atomically lips its version bitmap to promote the runtime version to the new persistent
version.

If any node fails before the commit, the entire checkpoint is canceled: no node lips versions, and recovery
always rolls back to the last committed persistent checkpoint. This barrier-and-commit rule ensures all nodes
recover from the same version and avoids cross-node inconsistency. In HPC-like environments where node-local
NVM may become inaccessible after a crash, NVrec can asynchronously transfer incremental checkpoint data to
a remote/shared ile system at a conigurable (typically less frequent) interval to limit overhead and preserve
performance, enabling recovery without relying on local NVM.
Applicability to diferent architectures. In this paper, we do not place embeddings on GPUs. However,

NVrec supports storing popular embeddings in the HBM of GPUs and DRAM of CPUs, ensuring eicient vector
access and correct checkpointing by transferring these embeddings to NVM for persistence.

Applicability to variants of persistent memory. In this paper, we evaluate NVrec using Intel Optane DC
Persistent Memory. Although Intel Optane has been discontinued, we use it as a representative platform to study
system design for memory-semantic tiered memory. The techniques in NVrec are not tied to Optane-speciic
features (e.g., its 256 B access granularity). Instead, they build on a general tiered-memory abstraction shared
by emerging memory-semantic technologies [20, 34, 60, 61], including load/store access, non-volatility, larger
capacity than DRAM, and lower access latency than SSD. Therefore, we design NVrec based on a general
tiered-memory abstraction, which makes it potentially applicable to future memory-semantic NVM tiers with
similar characteristics.
Applicability to the CXL-based architecture.We view CXL-like tiered-memory systems as a promising

future direction for extending this design. In particular, NVrec can be applied to emerging CXL-based memory
hierarchies where CXL Type-3 devices provide a memory-semantic, byte-addressable expansion tier, which helps
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ensure the long-term relevance of our contribution beyond a speciic Optane product [31]. If the CXL-attached
memory is persistent, NVrec applies directly: since accessing local DRAM is more eicient than accessing a CXL-
attached device [38], NVrec places hot embeddings in local DRAM and cold embeddings in the CXL-attached
persistent tier via pattern-directed vector placement, while our in-memory checkpointing and ine-grained
pipelined checkpointing remain applicable to accelerate checkpointing (Figure 18(b)). If the CXL-attached
memory is not inherently persistent, NVrec still improves training via ine-grained pattern-directed vector
placement to speed up embedding accesses, but our in-memory checkpointing design no longer applies as-is,
and the system falls back to conventional pipelined incremental checkpointing to a persistent storage backend
(Figure 18(c)). Since we do not experimentally evaluate NVrec on a CXL platform in this work, this discussion is
intended as a forward-looking design consideration rather than an experimentally validated deployment claim.

6 Related Work

Embedding placement for recommendation systems. (1) Dynamic caching. Prior works [2, 4, 8, 18, 57, 66]
implement data partition and dynamic caching for reducing latency using fast memory devices. While, they may
sufer a low cache hit ratio and incur high software overhead. In contrast, NVrec employs a vector-oriented
data placement scheme in a hybrid memory system to enhance the cache hit ratio. It accesses NVM directly,
eliminating the overhead of transferring data from NVM to DRAM. (2) Static proiling. EMB-SSD [33] proposes a
table-oriented policy for vector placements, which leads to a low cache hit ratio. PetPS [58] oloads all embeddings
to NVMs and uses the hash function to locate embeddings. In contrast, NVrec utilizes a hybrid DRAM+NVM
system to store embeddings, leveraging small fast DRAM to mitigate NVM-induced latency. Additionally, NVrec
employs arrays for indexing embeddings, as we observe that additional hash calculations and collisions result in
a 10% indexing overhead. (3) Embedding prefetching has been used to expedite data reading and mask CPU-GPU
communication latency [4, 6, 35]. Due to the high proportion of vector-related I/O access, data prefetching’s
enhancement is limited. We do not consider this technique in this work.

Checkpointing approaches for recommendation systems. Recent works [17, 44] use asynchronous DNN
checkpointing for pipelining to reduce end-to-end model training latency, which is similar to the naive pipelined
checkpointing in ğ3.4. However, these approaches incur high overhead and under-utilize NVM, as checkpoint data
is accessed only during system failures. OpenEmbedding co-designs the cache replacement with the checkpointing
process. It needs to lush the checkpointed data in critical path, resulting in training performance loss. Unlike
previous works, NVrec uses in-memory checkpointing for data in NVM (i.e., EMB-NVM) without extra writes,
and ine-grained pipelined checkpointing for data in DRAM and HBM to further reduce checkpointing time.

7 Conclusion

In this paper, we present NVrec, a framework that leverages the unique characteristics of the hybrid DRAM and
NVM to accelerate the training of recommendation systems. To achieve this goal, we design three key techniques
including the ine-grained vector-oriented data placement approach to partition embeddings on DRAM and NVM
for eicient data accesses, the dual-version checkpointing mechanism to support in-memory checkpointing and
runtime data access, and the pipelined checkpointing to hide checkpointing time behind training time. We have
implemented a software prototype of NVrec and tested it with real-world and synthetic datasets. Evaluations
show that NVrec can improve the recommendation model training throughput by up to 6.85×, promote the
performance of checkpointing over 5×, and reduces recovery time by up to 96%, compared to counterparts.
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