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Abstract
Deep learning based recommendation models have achieved sig-
nificant commercial success. However, as the size of embedding
tables in these models grows dramatically, how to store these
massive embedding tables cost-effectively becomes a major con-
cern for practitioners equipped with limited resources. Offloading
these tables to external storage (e.g., solid-state drives) during
training has emerged as a promising approach to reduce resource
expenditures. Unfortunately, the training process brings signifi-
cant random data accesses to these tables, which are not friendly
for most external storage devices, resulting in suboptimal training
performance.

Therefore, we propose RecDB, a storage engine for effectively
storing embedding tables in solid-state drives. Basically, RecDB
leverages the Log-Structured Merge-Tree (LSM-Tree) to convert
random writes to sequential writes. While achieving good write
performance, simply applying the LSM-Tree brings about issues
in terms of poor read performance and wasted storage space, due
to its out-of-place update mechanism. Firstly, a request prepro-
cessor is designed to effectively gather frequently-accessed data
and avoid loading data repeatedly, reducing random reads and
improving the read performance. Then, a compaction picker is
applied to select files that contain much invalid data to remove in-
valid data as much as possible, saving storage space. Furthermore,
the background compaction operations of the LSM-Tree interfere
with read requests due to resource contention. RecDB utilizes a
compaction scheduler to carefully trigger compaction operations
and avoid overlap between reads and compactions. Experimen-
tal results demonstrate that RecDB achieves 1.03 × −2.94× end-
to-end training speedup compared to RocksDB, a well-known
LSM-Tree based storage system.
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1 Introduction
Deep recommendation models have become an integral part of
numerous online services, including social media, e-commerce,
and search engines [17, 19, 35, 41]. Deep recommendation models
usually contain large embedding tables, which stores massive
information of items interacted with users. Therefore, the size
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of embedding tables is largely related to the performance of the
models. Recent researches of deep recommendation models re-
veal a common trend: the size of embedding tables is continuing
to grow[21]. Taking Facebook’s DLRM[32] as an example, the
size of its embedding tables has progressively scaled from a few
gigabytes to several terabytes. This trend makes deep recommen-
dation model training a costly and challenging task for small
vendors and researchers with limited memory resources.

To compensate for the lack of GPU memory, many works man-
age to offload embedding tables to CPU memory [9, 23, 28, 29, 36]
or to persistent storage devices [13, 25, 38, 45, 47, 48]. Compared
to general persistent storage devices, such as Solid-State Drives
(SSDs) and Hard Disk Drives (HDDs), CPU memory provides
acceptable bandwidth for recommendation model training. How-
ever, due to the limited capacity, high cost and volatility of the
CPU memory, offloading to SSDs is a more cost-efficient solution
for small vendors and researchers. For example, a server with
1.4TB of CPU memory costs $10.6 per hour in Google cloud, while
a server with a 1.4TB SSD and limited 32GB of CPU memory
only costs $0.6 per hour. In recent years, SSDs have been offering
faster read and write speeds, making it a more popular choice
for storing embedding tables. In this case, embedding parameters
needed for training are loaded on demand to reduce the I/O and
CPU memory overhead. However, the embedding table accesses
exhibit strong randomness, which is unfriendly to block devices
like SSDs. As shown in Table 1, the random read and write band-
widths of our SSD are significantly lower than the sequential
read and write bandwidths. Therefore, it is crucial to carefully
schedule read and write requests and optimize data placement
on the SSDs.

Many efforts have been made to bridge the gap between the
SSD bandwidth and model training requirements, attempting
to reduce data accesses in SSDs. Firstly, near-data processing
offloads data-related computation to SSDs [22, 26, 38, 40, 47].
NDRec [26] offloads both the parameters and the computation of
the embedding layer to computational storage device. Jang [22]
performs the reduce operation within the near-data processing
unit (e.g. smartSSD) to minimize the data that move across the
PCIe interface. Secondly, CPU memory acts as cache to buffer se-
lected embedding parameters. EVStore [25] replaces embedding
vectors in SSDs with approximate vectors cached in memory,
which largely improves cache hit rate. Ehsan k [10] leverages the
access skewness of embedding vectors and caches hot (frequently-
accessed) embedding vectors in memory. RecRT [14] improves
cache hit rate by looking ahead and evicting the latest accessed
data. MTrainS [24] further introduces mixed-precision cache to
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Table 1: SSD access bandwidth comparison of different
workload [6].

Block size Workload Read (GB/s) Write (GB/s)
128KB Sequential 2.30 1.55
4KB Random 1.91 1.34

improve cache efficiency. In summary, these works improve cache
hit rate, but either sacrificing accuracy or ignoring the random
access pattern of the embedding parameters.

In addition to limited bandwidth, storing embedding tables in
SSDs also faces two additional challenges. Basically, we assume
that updated parameters are written to SSDs in place of their
old values. Firstly, SSDs’ inherent write amplification increases
the update latency. Typically, the write granularity of SSDs is
4KB and updating an embedding vector of 144 bytes requires
writing the entire 4KB flash block. The updated vectors fall in
random blocks, exacerbating the impact of write amplification.
One way to mitigate this problem is to perform out-of-place
updates. AIbox [48] maps each embedding vector to its address
in SSDs through hash indexing, flushes updated vectors to new
addresses, and updates the hash index. However, hash indexing
incurs large memory footprint. For example, indexing 1010 embed-
ding vectors demands 149 GB of CPU memory. Secondly, the read
amplification of SSDs reduces reading performance. Since the
read granularity of SSDs is a block, loading a single embedding
vector requires reading an entire block, wasting SSD bandwidth.
OC-DLRM [39] gathers hot embedding vectors in the same flash
block to reduce overall SSD accesses. However, OC-DLRM relies
on Open-Channel SSD to handle the internal changes of physical
address in the SSD while keeping the logical address unchanged.

The Log-Structured Merge-Tree (LSM-Tree) offers a good chan-
ce to address these challenges with small CPU memory over-
head. LSM-Tree buffers random updates in memory and flushes
them into SSDs through sequential writes, which significantly im-
proves the efficiency of embedding updates. Previous works [24,
46] adopt LSM-Tree to index embedding parameters in SSDs,
while ignoring the challenges brought by LSM-Tree. Though
with high write performance and small memory footprint, the
LSM-Tree is yet unable to meet model training requirements.
Firstly, the LSM-Tree lacks the ability to reorder the random
accessing requests given by the training work, which reduces
the efficiency of LSM-Tree’s block cache. Secondly, LSM-Tree
introduces the accumulation of outdated data, which increases
the reading path in LSM-Tree. Thirdly, frequent compaction op-
erations inside the LSM-Tree interfere with both read and write
performances. Therefore, it is important to carefully improve
LSM-Tree to provide high throughput for model training.

In this paper, we present RecDB, a LSM-Tree based key-value
store specifically designed for recommendation model training,
which largely mitigate the impacts of random writes and reads
to SSDs due to parameter update and lookup. RecDB consists of
three key components: a Read/Write Request Preprocessor and
Scheduler, a Compaction Picker and a Compaction Scheduler.
These components work together to reduce random accesses,
remove useless outdated values, and mitigate the interference of
compactions to read and write requests. RecDB improves read
and write performance with small memory footprint, making it
more cost-effective for small vendors and researchers to offload
embedding parameters to SSDs during model training.

The contributions of this work are summarized as follows:

dense MLP

categorical features

interaction

output 
MLP

output 
probability

Embedding Tables

continuous 
features

Figure 1: The architecture of DLRM.

• We design a Request Processor to gather hot embedding
vectors together in data blocks and reduce the number of
data block accesses, by creatively adding a prefix to the
keys and reordering the read requests.
• We propose a Compaction Picker to save storage space

and reduce reading paths in the LSM-Tree by selecting
the most outdated file to perform compaction, which is
identified during key lookup.
• We further design a Compaction Scheduler to prevent the

background compaction from blocking the read requests
by carefully excluding the compaction operation from the
prefetching operation.
• Our evaluations indicate that RecDB significantly improves

read and write performance when offloading embedding
tables to SSDs during recommendation model training,
achieving 1.03× ∼ 2.94× end-to-end speedup compared to
the baseline approach (RocksDB). And RecDB has better
tail latency and space consumption than SILK and Splin-
terDB.

The rest of the paper is organized as follows. Section 2 intro-
duces the background on embedding table lookup and update for
recommendation model training, the data access characteristics
of SSDs and Log-Structured Merge-Tree. Section 3 illustrates the
challenges and opportunities for embedding table lookup and
update on SSDs. Section 4 describe the design of the proposed
RecDB. Section 5 shows the experimental results for RecDB. Sec-
tion 7 presents the conclusion.

2 BACKGROUND
2.1 Recommendation Model Training with

SSDs
Recommendation models are widely used by modern online ser-
vices to rank products, recommend advertisements according
to users’ behavior and preferences. Recently studied recommen-
dation models basically comprise multi-layer perceptron (MLP)
and embedding tables [13, 15, 20, 32, 43]. Taking widely stud-
ied DLRM [32] in Fig. 1 as an example, first it maps categorical
features (e.g. user ID, item ID) to correspond embedding vector
using embedding tables, while continuous features (e.g. users’
age, rating and income) are processed by a multi-layer percep-
tron (called dense MLP). Next DLRM takes the feature interaction
between all pairs of embedding vectors and processed continu-
ous features and then passes the result to another MLP (called
output MLP). Generally, the recommendation system contains
billions of product items and embedding tables occupy substan-
tial space. However, these tables require little computational
resources, making it an ineffective choice to store all the embed-
ding tables in memory during training. More and more works
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Figure 2: The architecture of LSM-Tree.

aim to offload embedding tables to SSDs when training these ta-
bles [25, 38, 45, 47, 48]. When training embedding tables in SSDs,
the training process can be divided into three key phases: embed-
ding lookup, computation , and embedding update. Computation
phase stresses computer capabilities to calculate the gradients
of each parameter. On the other hand, embedding lookup and
embedding update phases stress bandwidth by introducing ran-
dom read and random write to embedding tables, because the
purchased product lists or clicked advertisement lists generated
by different users are highly random and varied.

However, these random access patterns significantly delay
lookup and update embedding vector in SSDs. Specifically, the
update embedding vectors are randomly scattered across different
blocks mixed with unused data. Even if we only update 144-byte
vector in-place within a flash block, the entire block must be
read and rewritten. Similarly, when reading a small embedding
vector from SSDs, an entire block must be read. This inefficiency
not only increases the latency of embedding lookup but also
wastes SSD bandwidth, further slowing down the training for
recommendation model.

2.2 Log-Structured Merge-Tree (LSM-Tree)
Log-Structured Merge-Tree (LSM-Tree) [33] is a tree-like key-
value store, which transforms multiple random writes into one
sequential write and provides a promising opportunity to manage
the embedding tables offloaded to SSDs. To store embedding
tables, the index of embedding vector serves as the key, while
the embedding vector itself is stored as value. As shown in Fig. 2,
when we update an embedding vector, LSM-Tree first buffers it
in the write buffer. And then multiple buffered update vectors are
flushed into SSDs as an immutable file. These files are organized
as a tree structure, where the newer files are stored in the shallow
levels of tree. The files at shallow levels are gradually merged
into the deep levels through a process named compaction. When
we look up an embedding vector, LSM-Tree starts from the write
buffer and traverses the tree from shallow level to deep level.
When LSM-Tree finds the first matching embedding vector, the
corresponding data block is loaded into a block cache, which
replaces data with LRU policy [1]. To further reduce the cost of
reading, LSM-Tree maintains bloom filters in the block cache,
allowing a reading to skip probing a SSD file altogether, if the
filter returns negative [18].

Generally speaking, LSM-Tree prioritizes write performance
by sacrificing read efficiency. Data updates and insertions are
performed by writing to new files , resulting in data disorder
among files and the accumulation of outdated data. This pattern
complicates the reading path of the LSM-Tree. To improve read
performance and save space, the LSM-Tree sorts and merges
data among different files and purges the outdated data through

Read Request Sequence

Block Cache

B1

89 5 64 90

Data Blocks B2 B3 B1

B1 B2 B3 B1

Evicting B1
Repeatedly 

loaded

Figure 3: Repeated block loading induced by random reads.

compactions. For example, when data at level 𝐿 accumulates to
a specific extent, the LSM-Tree picks a file at 𝐿 and merges it
with files at next level 𝐿 + 1 whose key range overlaps with the
selected file. Typically, the file with the largest size at 𝐿 is selected
to perform compaction. During compactions, key-value pairs
among all the participating files are sorted in key order and only
the newly written pair is retained in case of key duplication. After
compaction, the sorted key-value pairs are written to new files
at level 𝐿 + 1. In this way, read efficiency is improved. However,
to meet the requirements of recommendation model training,
we find several challenges for the LSM-Tree to store embedding
tables.

3 CHALLENGES & MOTIVATION
3.1 Challenges
Considering the inherent behaviors of the LSM-Tree, several chal-
lenges emerge when performing lookup and update operations
on the embedding tables.

3.1.1 Read Amplification. Firstly, one block can be repeatedly
loaded into memory cache even within single iteration due to
random read workloads. Prior work has explored various inter-
vention methods. For example, cache compression [12] achieves
larger caches without the main drawbacks of physically increas-
ing the caches themselves. Active and inactive lists [30, 37] pro-
tect valuable data from premature eviction. Nevertheless, prior
research has largely focused on exploiting inter-block temporal
and spatial locality, while the spatial locality within individual
cache blocks remains underexplored. Fig. 3 gives an extreme ex-
ample to illustrate this problem. We assume that the block cache
size is 2 and each block can contain 144 embedding vectors, in-
clude one frequently accessed (e.g. 89) vector and 133 cold vectors
(e.g. 64). Given the read request sequence issued by recommenda-
tion model training, data blocks containing these keys are loaded
into memory and stored in the block cache. Firstly, 𝐵1 and 𝐵2
are loaded into cache one after another, reaching the full size of
the cache. Then, when 𝐵3 is loaded into cache, 𝐵1 is evicted from
the cache according to the LRU principle. Subsequently, 𝐵1 is
loaded to cache once again, demonstrating the inefficiency of the
cache. This is because the read request sequence is disordered
while data in the same block is ordered, and the block cache lacks
the ability to perceive read requests. Clearly, if the frequently
accessed vectors 89 and 5 were co-located in the same block
(e.g., 𝐵1), the intra-block spatial locality would be significantly
enhanced and read amplification can be reduced. However, as
shown in Fig. 5, up to 47% of data blocks are loaded repeatedly
within a single iteration in our experiments.

Secondly, the read amplification from loading useless data
is intensified by the access pattern. Based on our investigation,
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Figure 4: Different compaction selections lead to different
deletion efficiency.

the access to embedding vectors during model training exhibits
a skewed distribution. More than 99% of the accesses are con-
tributed to 1% of the embedding vectors. These hot embedding
vectors are accessed frequently in adjacent iterations, while the
other cold embeddings are rarely repeatedly accessed within a
relatively long interval, for example, 200 iterations. The LSM-
Tree lacks the ability to identify hot embedding vectors and mixes
hot and cold embedding vectors in the same block. In this way,
blocks containing hot embeddings are frequently loaded, carrying
with the recently unused cold embeddings, wasting SSD band-
width and cache space. Therefore, the block cache is unable to
cache all the hot embedding vectors under memory-constrained
environments, further intensifying the read amplification.

In order to illustrate this intuitively, we conduct experiments
to evaluate the extent of read amplifications. Here we obtain
the read amplification degree by dividing the volume of actually
loaded data with that of the useful data. The read amplification
of the SSD is 28, while that of the LSM-Tree is 124, increased by
more than 4 times.

3.1.2 Accumulation of outdated data. The accumulation of out-
dated data wastes SSD space, especially under the update-inten-
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Figure 5: Data blocks loaded pattern.

sive workload during recommendation model training. However,
the original compaction selection strategy results in inefficient
outdated data deletion. Fig. 4 compares the efficiency of deleting
outdate data across different compaction selection strategies. As
shown in the left of Fig. 4, the strategy selects the largest file ①

at 𝐿1 as compaction input, merges it with files ③ and ④ at 𝐿2,
and ultimately deletes one outdated data. On the right side of
Fig. 4, the strategy selects the smaller file ② at 𝐿1 to merge with
files ⑤ and ⑥ at 𝐿2 and finally deletes two outdated data. Fig. 4
indicates the fact that different compaction selections result in
varying efficiencies of outdated data deletion. However, original
LSM-Tree cannot make optimal compaction selections without
the location information of outdated data, leading to significant
space amplification.

3.1.3 Compaction interference. The compaction threads can in-
terfere with the read threads generated by embedding lookup,
reducing embedding lookup efficiency [42]. In low-resource
scenarios, CPU cores and SSD bandwidth are highly valuable.
When performing embedding lookup, we prefer that only the
read threads about embedding lookup utilize these limited re-
sources. Unfortunately, the LSM-Tree blindly schedules com-
paction whenever the size of a specific level exceeds its threshold,
leading to resource contention between compaction tasks and
reading requests. Fig. 6 shows the impact of compactions on
reading latency. The x-axis (compaction size) indicates varying
interference extent. A larger compaction size implies that more
data are loaded to perform compaction, meaning a higher de-
gree of compaction interference. With compaction, we track
the compaction size within single iteration and record the read
latency. Without compaction, although the read latency is af-
fected by total data amount in the LSM-Tree, it is not affected
by compaction size and we present average read latency here.
Evaluation results show that the read latency can be increased
by up to 258% compared to the case without compaction.

3.2 Motivation
Through the comprehensive analysis of the embedding table
access pattern and the working process of the LSM-Tree, we
identify several opportunities to improve the performance of the
key-value store for storing embedding tables.

3.2.1 Predictable Training. During recommendation model train-
ing, the future embedding indices in subsequent iterations are
predictable in both offline and online training scenarios. This
gives us an opportunity to overlap embedding lookup latency
by prefetching embedding vectors from SSDs. In offline model
training, it is straightforward to foresee training data, given a

465



RecDB: An LSM-Tree based Storage System for Training Large Recommendation Model in Low-Resource Scenarios EDBT ’26, 24-27 March 2026, Tampere (Finland)

2.0 2.5 3.5 4.0 5.5

20

40

60

80

 read w/o Compaction  read w/ Compaction

R
ea

d 
L

at
en

cy
 (

m
s)

Compaction size (MB)

Figure 6: Reading latency under different compaction files
size.

static dataset. Similarly, in online training, user behaviours ac-
cumulated throughout a day are collected as a dataset firstly,
and then applied to incrementally train the recommendation
model, making it predictable. Therefore, an intuitive way is to
overlap the latency of embedding lookup with the computation
and embedding update time.

Although many works also leverage prefetching to reduce end-
to-end training time [28, 48], they only prefetch embeddings for
the next batch. When offloading embedding tables to SSDs, the
prefetching latency is hard to be fully overlapped. For example,
AIbox [48] uses 3-stage pipeline to prefetch next batch embedding
vectors. However, 22% prefetch latency is exposed although it
uses a large memory to buffer embedding vectors. This is because
the previous prefetching methods look a short distance ahead,
missing the chance to reorder the embedding accesses into a
more SSD-friendly manner.

3.2.2 Skewed Access to Embedding Vectors. LSM-Tree mixes hot
and cold embedding vectors [27] in the same block, wasting the
valuable bandwidth and leading to inefficient cache utilization.
This can be mitigated by aggregating hot data into the same block.
Many previous works make efforts to improve read efficiency of
hot data in the LSM-Tree. For example, HotKey-LSM [44] puts
hot keys and cold keys in two separate subtrees. When reading
hot keys, it only needs to access a small hot-key LSM-Tree to
obtain low latency compared to traversing the hot keys in a large
LSM-Tree. SplitDB [11] identifies hot keys and moves them to the
upper levels through a larger-scale compaction. Consequently,
it can reach hot data faster because the upper levels are at the
beginning of the reading path of the LSM-Tree. However, these
works focus on keys that are frequently read and gather these
keys by performing additional compactions targeting hot keys,
while overlooking an important characteristic of the embedding
table access pattern. That is, hot data in our LSM-Tree is not only
frequently read but also frequently updated. This indicates that
the hot data can be gathered when they are inserted to the tree,
instead of being scattered among files and gathered afterwards.

3.2.3 Symmetric Read and Write Requests. In recommendation
model training, only the embedding vectors accessed during the
forward pass are updated in the backward pass [2, 5, 7]. Such
a symmetric access pattern gives us an opportunity to identify
the location of outdated data and remove it efficiently. Although
the updated data is appended to the LSM-Tree and the outdated
data is hidden thereby, the embedding lookup gives a hint about
the outdated data. Specifically, if a file returns the value of the
requested key, this file will contain a outdated value of this key at
the end of current iteration, when an updated value is written to
a new file of the LSM-Tree. Therefore, as the training progresses,

Model Training

LSM-Tree

Write Read
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Batch 

Hot Key Identifier

OD Monitor
EV Buffer

key val ref
1 101010 1
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Compaction 

Batch Batch Batch Compaction 
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SSDMemory
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Figure 7: RecDB for Recommendation Model Training.

the number of outdated data contained in each file can be easily
obtained. Leveraging this opportunity, compactions can target
at files containing much outdated data to mitigate its negative
impacts.

4 DESIGN
4.1 Overview
RecDB is a storage system designed specifically for recommenda-
tion model training. It is built on the LSM-Tree based key-value
store, aiming at providing acceptable read and write performance
for resource-constrained model training, where embedding ta-
bles are offloaded to SSDs. In addition to leverage the inherent
advantage of flushing write requests in an SSD-friendly way,
RecDB also incorporates novel approaches to enhance the read
performance, addressing the traditional shortcoming of the LSM-
Tree based key-value store. Notably, here we focus on storing
embedding tables in RecDB and other training parameters are
stored in memory as they only account for a very small propor-
tion. Basically, we take the index of each embedding vector in
the embedding tables as the key, and the vector itself as the value,
when storing embeddings in RecDB.

Fig. 7 illustrates an overview of RecDB, which shows the way
of how RecDB interacts with the model training. Specifically, it
is composed of three key designs: 1) a Request Preprocessor, 2)
a Compaction Picker, and 3) a Compaction Scheduler. Addition-
ally, two memory components, the EV Buffer (Embedding Vector
Buffer) and the OD Monitor (Outdated Data Monitor), help with
the above designs. With these designs, RecDB intends to address
the following three shortcomings of the original LSM-Tree: 1)
read amplification due to random reads, 2) accumulated outdated
data, 3) interference due to the background compactions. Firstly,
the Request Preprocessor works as a middleware to intercept
read and write requests issued by the model training. In RecDB,
the write batch contains the updated embedding vectors at the
end of each iteration, while read batches contain multiple lookup
requests by looking ahead future iterations. The preprocessor
identifies hot keys in these requests, allocates hot keys in a spe-
cific way and sorts keys to suit the reading route. In this way, the
preprocessor can gather hot data into the same block leveraging
the nature of the LSM-Tree and improve read efficiency. The em-
bedding vectors returned by the LSM-Tree for these look-ahead
batches are stored in the EV Buffer for future usage. Secondly,
the Compaction Picker picks files that contain much outdated
data to perform compactions with the help of the OD Monitor.
The OD Monitor cleverly identifies outdated data through read
requests and records the distribution of outdated data. Finally,
the Compaction Scheduler excludes compaction threads from
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reading threads and carefully determines the timing of launching
compaction tasks to avoid blocking the model training.

4.2 Request Preprocessor
As shown in the left of Fig. 7, the Request Preprocessor comprises
following three components. We introduce how each component
works.

The Hot Key Identifier tracks embedding access patterns by
buffering multiple batches of read requests and counting each
embedding’s access times. According to the access counts, it
identifies top-k frequently accessed embeddings within look-
ahead batches as hot embeddings. These newly identified hot
embeddings are rewritten into SSDs with special keys during
updates.

Notably, the "top-k" configuration is critical to the performance
of RecDB. To determine an optimal top-k, we analyze the access
patterns of the dataset offline. Specifically, we identify ’hot’ keys
with an access frequency exceeding 1%. The 1% threshold is
chosen because, with a typical batch size (𝐵) greater than 128,
such keys are statistically expected to recur within almost every
mini-batch (i.e., 𝐵 × 𝑓 𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 > 1.28). Let 𝑝 denote the hot-key
ratio. We then derive the top-k value using the following formula:
top-k = 𝑙𝑜𝑜𝑘𝑎ℎ𝑒𝑎𝑑_𝑛𝑢𝑚 × 𝑝 .

The Key Allocator assigns above hot embeddings prefixed keys
("special prefix + original key") before prefetch/update operations.
This special prefix is typically the character with the highest or
lowest lexicographical order. In LSM-Tree, hot data with special
prefix can group together smoothly and be differentiated from
cold embedding vectors.

The Key Sorter optimizes SSDs access by reordering read re-
quests based on their key. It avoids repeatedly loading the same
block under a resource-constrained environment.

It is notable that these look-ahead embedding vectors are
then stored into the EV Buffer. The embeddings are organized
by their indices and the EV Buffer records the future reference
counts (𝑟𝑒 𝑓 ) of each embedding. When a training lookup request
is issued, the EV Buffer indexes the key, returns the value, and
decreases its 𝑟𝑒 𝑓 .

4.3 Compaction Picker
The Compaction Picker enables efficient outdated embedding
vector deletion. To achieve this goal, we leverage the symmetric
read-write property of embedding vectors. That is, the embed-
ding vector read at the beginning of an iteration will be updated
soon after the backward pass. It means that data in the LSM-Tree
can be safely removed after being read. Based on such a data
access pattern, Fig. 8 gives an example of how the compaction
picker works. Firstly, when an embedding 𝑒 hits in file 3 at 𝐿𝑖 ,
we update the outdated data counter of file 3 in the OD Monitor.

For example, we increase it from 30 to 31. It means that we can
delete at least 31 outdated embedding vectors when we use file 3
as a compaction input. After training, the new embedding vector
𝑒′ is flushed into 𝐿0.

Notably, we define a compaction score 𝐶𝑠𝑐𝑜𝑟𝑒 to quantify the
deletion efficiency of each file. The𝐶𝑠𝑐𝑜𝑟𝑒 can be estimated by Eq.
(1). In this equation, 𝑓 𝑖𝑑 represents the LSM-Tree file stored in
SSDs, and 𝑜𝑢𝑡𝑑𝑎𝑡𝑒𝑑_𝑛𝑢𝑚 is equal to the outdated data counter
of 𝑓 𝑖𝑑 . 𝑇𝑚𝑒𝑟𝑔𝑒 refers to the compaction time when file 𝑓 𝑖𝑑 is
selected as compaction input, while the 𝑉𝑚𝑒𝑟𝑔𝑒 represents the
time required to merge 1 byte of data during compaction. The
function 𝑠𝑖𝑧𝑒 (𝑘) denotes the size of file 𝑘 , and the 𝑐𝑜𝑚𝑝 𝑓 𝑖𝑙𝑒𝑠 (𝑓 𝑖𝑑)
represents the set of files that need to be merged when file 𝑓 𝑖𝑑 is
chosen. Finally, the file with highest 𝐶𝑠𝑐𝑜𝑟𝑒 is selected for com-
paction.

𝐶𝑠𝑐𝑜𝑟𝑒 (𝑓 𝑖𝑑) =
𝑜𝑢𝑡𝑑𝑎𝑡𝑒𝑑_𝑛𝑢𝑚(𝑓 𝑖𝑑)

𝑇𝑚𝑒𝑟𝑔𝑒 (𝑓 𝑖𝑑)
(1a)

𝑇𝑚𝑒𝑟𝑔𝑒 (𝑓 𝑖𝑑) =𝑉𝑚𝑒𝑟𝑔𝑒 ×
∑︁

𝑠𝑖𝑧𝑒 (𝑘) (1b)
𝑘 ∈ 𝑐𝑜𝑚𝑝 𝑓 𝑖𝑙𝑒𝑠 (𝑓 𝑖𝑑)

We integrate the outdated data deletion of file 3 into the 𝐿0
compaction. The overall procedure is depicted in Algorithm 2.
The green-shaded region of the algorithm follows the standard
RocksDB compaction logic, utilizing the original interfaces Com-
pactionLevels and CompactionFiles to identify target levels and
files. For instance, the 𝐿0 compaction migrates the embedding
vectors from 𝐿0 to 𝐿1. Building upon this, the yellow-shaded
region implements our specialized deletion mechanism. Specif-
ically, we employ Algorithm 1 to include the target file (file 3)
in the compaction inputs, enabling the seamless removal of its
outdated embedding vectors 𝑒 . After the deletion process, the
updated file is flushed back to its original level 𝐿𝑖 .

Algorithm 1: Delete File Picker
Input :𝐿in, 𝐿out, 𝐶score, 𝐹meta []
Output : 𝑓 𝑖𝑙𝑒_𝑡𝑜_𝑑𝑒𝑙𝑒𝑡𝑒

1 𝑓 𝑖𝑙𝑒_𝑡𝑜_𝑑𝑒𝑙𝑒𝑡𝑒 ← ∅, 𝑠𝑐𝑜𝑟𝑒 ← 0;
2 if 𝐿in ≠ 0 then
3 return 𝑓 𝑖𝑙𝑒_𝑡𝑜_𝑑𝑒𝑙𝑒𝑡𝑒
4 end
5 for 𝑓𝑚 ∈ 𝐹meta do
6 if 𝑓𝑚.𝑙𝑒𝑣𝑒𝑙 ≥ 2 & 𝑠𝑐𝑜𝑟𝑒 ≤ 𝐶score [𝑓𝑚.𝐼𝐷] then
7 𝑠𝑐𝑜𝑟𝑒 ← 𝐶score [𝑓𝑚.𝐼𝐷], 𝑓 𝑖𝑙𝑒_𝑡𝑜_𝑑𝑒𝑙𝑒𝑡𝑒 ← 𝑓𝑚;
8 end
9 end

10 return 𝑓 𝑖𝑙𝑒_𝑡𝑜_𝑑𝑒𝑙𝑒𝑡𝑒;

4.4 Compaction Scheduler
To avoid interference from compaction threads, we prevent con-
currency between compaction threads and prefetch threads.

To determine whether a compaction task should be executed,
we estimate both the training time supported by the EV Buffer
and the latency of the compaction task. For the first one, our
Compaction Scheduler interacts with the EV Buffer to obtain
the maximum consumption rate of embedding vectors during
training (denoted as 𝑉𝑏𝑢𝑓 ). Based on 𝑉𝑏𝑢𝑓 𝑓 , we can estimate the
supported training time using Eq.(2a), where 𝑆𝑖𝑧𝑒 (𝐵𝑢𝑓 𝑓 , 𝑡) rep-
resents the number of look-ahead embedding vectors stored in
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Algorithm 2: Compaction with delete file picker
Input :𝐶score, 𝐹meta []

22 𝐹meta [] ; // (level and ID) for each SSTable

44 𝐿in, 𝐿out ← 𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑖𝑜𝑛𝐿𝑒𝑣𝑒𝑙𝑠 (𝐹meta []);
66 𝐹in, 𝐹out ← 𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑖𝑜𝑛𝐹𝑖𝑙𝑒𝑠 (𝐹meta []);
88 𝐹comp ←𝑚𝑒𝑟𝑔𝑒_𝑎𝑛𝑑_𝑠𝑜𝑟𝑡 (𝐹in, 𝐹out);

1010 dump(𝐹comp, 𝐿out);
1112 𝐹delete ← 𝐷𝑒𝑙𝑒𝑡𝑒𝐹𝑖𝑙𝑒𝑃𝑖𝑐𝑘𝑒𝑟 (𝐹in, 𝐹out,𝐶score, 𝐹meta []);
1414 if 𝐿in == 0 & 𝐹delete ∉ (𝐹in ∪ 𝐹comp) then
1616 for 𝑘𝑒𝑦 ∈ 𝐹𝑖𝑙𝑒𝑠 [𝐹delete .𝐼𝐷] do
1818 if 𝑘𝑒𝑦 ∈ 𝐹comp then
2020 delete 𝐹𝑖𝑙𝑒𝑠 [𝐹delete .𝐼𝐷] [𝑘𝑒𝑦];
21 end
22 end
23 dump(𝐹𝑖𝑙𝑒𝑠 [𝐹delete .𝐼𝐷], 𝐹delete .𝑙𝑒𝑣𝑒𝑙);
24 end
25

𝑻𝑻𝟎𝟎 𝑻𝑻𝟏𝟏 𝑻𝑻𝟐𝟐

Compaction Compaction 

Block Compaction Tasks

Model Training
Compaction EV Buffer 

EV Lookup
EV Prefetch
A Batch of EVs

Timeline

Figure 9: An example of the Compaction Scheduler sched-
ules a compaction task.

the EV Buffer at time 𝑡 . For the compaction latency at time 𝑡 ,
we estimate it in the same way as described in section 4.3, using
Eq.(2b). Here, 𝑐𝑜𝑚𝑝 𝑓 𝑖𝑙𝑒𝑠 (𝑡) denotes the size of the files selected for
compaction at time 𝑡 . Finally, the compaction task is scheduled
at time 𝑡 only if 𝑇𝑡𝑟𝑎𝑖𝑛 (𝑡) is greater than 𝑇𝑚𝑒𝑟𝑔𝑒 (𝑡).

𝑇𝑡𝑟𝑎𝑖𝑛 (𝑡) =𝑉𝑏𝑢𝑓 𝑓 × 𝑆𝑖𝑧𝑒 (𝐵𝑢𝑓 𝑓 , 𝑡) (2a)

𝑇𝑚𝑒𝑟𝑔𝑒 (𝑡) =𝑉𝑚𝑒𝑟𝑔𝑒 ×
∑︁

𝑠𝑖𝑧𝑒 (𝑘) (2b)
𝑘 ∈ 𝑐𝑜𝑚𝑝 𝑓 𝑖𝑙𝑒𝑠 (𝑡)

Fig. 9 illustrates an example of how the Compaction Scheduler
works. At𝑇0. there are three embedding batches in the EV Buffer
and the latency of compaction task is equivalent to the duration
of 3 training iterations. As a result, the Compaction Scheduler
delays the execution of the compaction task at 𝑇0. Subsequently,
the Compaction Scheduler periodically interacts the EV Buffer
and attempts to schedule the compaction task again. At 𝑇1, the
EV Buffer accumulates 6 look-ahead embedding batches, and its
supported training time 𝑇𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 (𝑇1) exceeds 𝑇𝑚𝑒𝑟𝑔𝑒 (𝑇1). There-
fore, the compaction task runs at 𝑇1, while temporarily blocking
the prefetching of embedding vectors.

Table 2: Model training configurations.

Model Dataset Model size
𝐷𝑒𝑒𝑝𝐹𝑀 [20] Kaggle 14G

Terabyte 136G
𝑃𝑁𝑁 [34] Kaggle 22G

Terabyte 241G
𝐷𝐿𝑅𝑀 [32] Kaggle 40G

Terabyte 446G

5 EVALUATION
This section first illustrates the effectiveness of RecDB by pre-
senting overall performance in terms of end-to-end training time.
Next, we show detailed improvement of RecDB by breaking down
the end-to-end training time and show the two main parts, the
read time and the update time. We conduct an ablation study to
show the impacts of our optimization solutions on RecDB.

5.1 Evaluation Setup

5.1.1 Implementation. We implemented RecDB in C++ as an
extension to RocksDB, providing Python bindings via pybind11.
Notably, we utilize a Radix Tree [31] to monitor modified embed-
ding keys. This approach allows for the efficient identification
of hot data and the seamless eviction of keys once their access
frequency diminishes.

5.1.2 Testbed. All the following evaluations are conducted on
a server that has Intel(R) Xeon(R) Gold 6230N CPU @2.30GHz
with 40 cores, 187GB DRAM. We enforced a strict DRAM limit
of 16 GB via Linux cgroups The server runs Ubuntu 22.04 and
PyTorch 2.6.0. For persistent storage, the server is equipped with
an Intel DC P3600 1.6TB NVMe SSD. To simulate a memory-
constrained environment, we flush the operating system page
cache every 0.02 seconds to avoid too many embedding vectors
being buffered by the operating system.

5.1.3 Models and training configurations. For our evalua-
tions, we configure three widely studied recommendation models,
DeepFM [20], PNN [34], and DLRM [32], using embedding di-
mensions of 9, 18, and 36, respectively, as summarized in Table 2.
Additionally, the look-ahead window is set to 512 for all exper-
iments. For the overall performance evaluation, we train these
three models using two datasets, the Criteo Kaggle dataset [3]
and the Criteo Terabyte dataset [4], leading to different model
sizes. We fully demonstrate the effectiveness of RecDB with these
diverse models. For further evaluation of the optimization break-
down and the ablation study, we simply present experimental
results based on the Criteo Kaggle dataset.

5.1.4 Baseline Methods. We conduct evaluations comparing
to the following four baselines:
• HashDB: The storage engine based on hash indexing

introduced in AIbox[48]. It contains two layers of hash in-
dexing. The first layer maps indexes of embedding vectors
to their corresponding SSD files. The second layer maps
indexes to corresponding hash buckets. Each hash bucket
is equipped with two memory caches for caching raw em-
bedding vectors, an LRU cache and an LFU cache. When
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(b) Terabyte dataset.

Figure 10: End-to-end training speedup with different batch sizes and models using Kaggle dataset and Terabyte dataset.

the LRU cache or the LRU cache is full, the key-values
contained in the cache will be written into SSD files in
place according to the first-layer mapping.
• RocksDB: The storage engine based on the LSM-Tree,

which stores indexes of embedding vectors as keys and
serialized vectors as values. It is equipped with an LRU-
based block cache, and multiple write buffers.
• SplinterDB [16]: The storage engine based on a novel

data structure (STB𝜖-tree, which combines ideas from log-
structured merge trees and B𝜖-trees). It designs a garbage
collection to delete inactive data.
• SILK: The LSM-Tree based storage engine. It opportunis-

tically allocates I/O bandwidth to compaction operations
according to client load.

To simulate a memory-constrained environment and for fair
comparison, we allocate an equal 1GB of CPU memory for each
method. For HashDB, we configure it 15MB memory for first-
layer mapping, 1008MB memory for second-layer mapping and
its caches. For LSM-Tree based methods, we configure them
856MB memory for write buffer and 168MB memory for the
LRU block cache.

Since RecDB prefetches embedding vectors to overlap the
embedding lookup latency with other training operations, we
also equip baselines with the same prefetching process and the
same size of prefetch buffer for fair comparison.

5.1.5 Metrics. For the overall comparison, we evaluate the
effectiveness of RecDB, HashDB and RocksDB with the follow-
ing metrics. And all latency metrics are normalized against the
RocksDB baseline. 1)Training Latency: The average latency of
each training. It includes the time for reading current embeddings
from the prefetch buffer, model computation, and current em-
bedding updates. 2)Read Latency: The average latency for the
storage engine to load a batch of embedding vectors, measured
from when the storage engine receives a batch of look-ahead re-
quests to when it stores these embedding vectors into the prefetch
buffer. 3)Block Latency: The average latency during which the
prefetch thread blocks the training process, referring to the load
time that cannot be overlapped with computation and update
time of current iteration. 4)Update Latency: The average latency
of persisting a batch of updated embedding vectors, starting from
the training process finishes updating parameters to the storage
engine returns a success signal of the write requests.

5.2 Overall Performance
This section evaluates the overall performance of HashDB, Rocks-
DB, and RecDB by conducting the end-to-end model training
experiments. These experiments train different models across
different batch sizes using Kaggle dataset and Terabyte dataset.

To intuitively illustrate the overall acceleration of our ap-
proach, Fig. 10a and Fig. 10b present the training speedup of
HashDB, SplinterDB, SILK and RecDB, where their latencies are
normalized relative to RocksDB latency. For the Kaggle dataset as
shown in Fig. 10a, RecDB achieves an average training speedup
of 1.70× over RocksDB and 5.54× over HashDB. In other words,
RecDB significantly outperforms the naïve LSM-Tree method
and hash method on all three models. This aligns with our ex-
pectations. Specifically, RecDB achieves 1.33×, 1.43×, and 1.44×
training speedup compared to RocksDB when training DeepFM,
PNN, and DLRM respectively. It means that RecDB successfully
overcomes the inherent bottleneck of the naive LSM-Tree design.
However, HashDB has poor performance compared to RecDB.
It achieves only 25.10% of RocksDB’s performance in terms of
training latency on average. The suboptimal training latency of
HashDB can be explained by the fact that it faces a severe hash
conflict issue in memory-constrained environment, where over
45KB of embedding vectors are mapped to the same physical
address. This results in inefficient access patterns, requiring read
45KB of unused data when accessing a cold embedding vector
that is not present in either the LRU or LFU caches.

It is worth noting that SplinterDB occasionally outperforms
RecDB. This is because SplinterDB utilizes B𝜖-trees to optimize
write requests; however, this advantage comes at the cost of
higher space amplification compared to RecDB. As for SILK, its
performance even falls below to that of RocksDB when peak-load
periods are sustained. While SILK attempts to improve bandwidth
by deferring compactions during peak loads, it fails to maintain
this advantage when it cannot distinguish essential workloads
or when the high-load duration exceeds its capacity to manage
the resulting compaction backlog.

To test the overall performance in larger models, we further
train HashDB, SplinterDB, SILK and RecDB with the Terabyte
dataset. Apart from the Kaggle, the Criteo Terabyte is a widely
used dataset. When training with Terabyte, the size of models
scales to 136G, 241G, and 446G. As depicted in Fig. 10b, RecDB
still outperforms RocksDB. Specifically, RecDB achieves average
2.09×, 1.84×, and 2.08×when training DLRM, PNN, and DeepFM
respectively. Notably, these speedups with the Terabyte dataset
are even higher than those observed with the Kaggle datasets.
This is because, in large models, the distribution of hot data
becomes more sparse in SSDs under original LSM-Tree design,
whereas our RecDB effectively groups hot data. Similar to the
Kaggle dataset, HashDB exhibits much poorer training latency in
large models when using the Terabyte dataset. Specifically, the
training latency of HashDB becomes 13.21× higher compared
to RocksDB in the worst case. This is because the hash conflict
issue of HashDB becomes more severe in the Terabyte dataset,
where more than 443 KB of embedding vectors are mapped to
the same SSD file.
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(a) Read latency of Kaggle dataset.
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(b) Update latency of Kaggle dataset.
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(c) Read latency of Terabyte dataset.
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(d) Update latency of Terabyte dataset.

Figure 11: Normalized read and update latency across different batch sizes and models.

5.3 Breakdown Study

Table 3: Training time breakdown when training three
models with a batch size of 64, shown in percentage. Note
that the actual computation time of one model is the same
despite of different storage engines.

Model DeepFM PNN DLRM

HashDB
block by read(%) 9.39 16.89 19.19
computation(%) 10.92 8.53 6.51
update(%) 79.69 74.57 74.30

RocksDB
block by read(%) 48.02 41.89 58.68
computation(%) 30.06 35.09 27.21
update(%) 21.92 23.02 14.11

RecDB
block by read(%) 0.00 0.00 0.00
computation(%) 57.83 60.38 65.85
update(%) 42.17 39.62 34.15

To further investigate the factors that contribute to the re-
duction in training iteration latency, we conduct the following
experiments. First, we present the training latency breakdown in
end-to-end model training to analyze the different training time
components using various storage engines (RecDB, RocksDB,
and HashDB). Next, we further focus on the impact of RecDB on
two key parts, the read time and the update time.

5.3.1 Training time breakdown. To demonstrate the bottlenecks
of different storage engines and RecDB’s optimization of these
bottlenecks, we divide the training time of each iteration into
three parts: the block time, the computation time, and the update
time. Given that the computation time is unaffected by the stor-
age engine, it remains the same across different storage engines
for the same model. Therefore, a higher proportion of computa-
tion time indicates better storage engine performance. That is,
the model training system spends most of time on computation
and requires less time waiting for parameter reading and updates.
As shown in Table 3, RecDB spends most of its iteration time

on computation, improving training efficiency. When training
models using HashDB, its update operation takes up the majority
of the training time. It means that the bottleneck of HashDB is
its update operations. Although HashDB can achieve relatively

fast reads leveraging its LRU and LFU caches which saves much
I/O, its write performance is poor due to its update mechanism.
Specifically, HashDB performs actual update operations when
one of its caches is full. At this time, all the key-values contained
in the cache will be written to multiple places of the same file,
as these keys share the same first-layer mapping. This results in
significant I/O overhead because it requires rewriting almost the
entire SSD file. As a result, the training system spends a signifi-
cant amount of time waiting for parameter updates to complete.
When training using RocksDB, the read operation blocks the
training process, introducing the significant block time. This in-
dicates that RocksDB suffers from poor read performance. It is
because the original LSM-Tree design fails to group frequently
accessed embeddings and loads the same data block repeatedly,
resulting in high read amplification. In contrast, RecDB improves
read performance, allowing its read latency to be fully hidden.
Its block time accounts for 0% of the training time. Meanwhile,
RecDB maintains a low update latency similar to RocksDB, bene-
fiting from the LSM-Tree’s out-place update approach. As a result,
its update time accounts for only a small portion of total iteration
time.

5.3.2 Read latency and Update latency. We further demonstrate
the specific optimization of RecDB in terms of read latency and
update latency, as shown in Fig. 11. Note that the measured
latencies are normalized to RocksDB.

The Fig. 11c presents the read latency reduction achieved by
RecDB over the compared baselines. Overall, RecDB obtains sig-
nificant improvement in reading performance across all model
training. Specifically, the read time of RecDB is reduced by 2.53% ∼
72.96% compared to RocksDB. It is because RecDB achieves
lower read amplification and compaction interference than origi-
nal LSM-Tree design, benefiting from the request preprocessor,
the compaction picker and the compaction scheduler. However,
HashDB exhibits higher read latencys compared to the LSM-Tree
methods, as it requires read the entire SSD file when reading
cold embedding vectors. When training with larger model (like
DLRM), we observe a substantial increase in the read latency
of HashDB. These performance drop is mainly caused by the
embedding table’s growth. As the embedding table grows, more
embeddings are hashed into the same file, increasing hash con-
flict and read amplification. Finally, HashDB exhibits an average
of 6.20× higher read latency than LSM-Tree methods.
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Table 4: Optimization configurations for different optimiza-
tion options

Abbreviation Description
𝑅𝑃 Request Preprocessor
𝐾𝑆 Key Sorter
𝐾𝐴 Key Allocator
𝐶𝑃 Compaction Picker
𝐶𝑆 Compaction Scheduler

RocksDB RP RP+CP RP+CP+CS
0.0

0.5

1.0

(a) Read latency.

RocksDB RP RP+CP RP+CP+CS
0.0

0.7

1.4

(b) Update latency.

Figure 12: Read and update latency of RocksDB, RP, RP+CP,
and RP+CP+CS(Normalized to RocksDB).

The Fig. 11d illustrates the reduction in update latency. RecDB
and RocksDB deliver lower update latencies compared to HashDB.
This is because LSM-Tree methods (RecDB and RocksDB) use
an append-only approach to update embedding vector in SSDs,
which effectively mitigates write amplification. Notably, the up-
date latency of RecDB is slightly higher than that of RocksDB
(17.48% average). This is attributed to the preprocessing over-
head introduced by the request preprocessor of RecDB for update
requests. However, compared to the significant overall training
latency optimization achieved by RecDB (1.71× average), such
additional overhead is acceptable. In contrast, HashDB exhibits
at least 2.17× update latency compared to LSM-Tree methods. Its
poor performance can be explained by the fact that HashDB em-
ploys in-place updates, requiring a complete rewrite of the SSD
file when updating an embedding vector. As a result, HashDB
exhibits higher update latencies, especially when its LFU cache
is full and waiting to be written to SSDs.

SILK delivers superior read/write performance over RocksDB
under light workloads. For instance, during DeepFM training
on the Kaggle dataset with a batch size of 32, SILK reduces read
latency by 32.65%. However, as the batch size increases and the
workload intensifies, SILK’s performance gains diminish, eventu-
ally converging to or even falling below the RocksDB baseline.
In contrast, SplinterDB is highly optimized for write-intensive
scenarios, achieving an average reduction of 21.11% and 73.48%
in write latency compared to RocksDB, respectively for Kaggle
dataset and Terabyte dataset.

5.4 Ablation Evaluation
To evaluate the effectiveness of each RecDB design, we incre-
mentally incorporate the "request preprocessor" (inlcuding "key
sorter" and "key allocator"), "compaction picker" and "compaction
scheduler" to RecDB. For the convenience of expression, the ab-
breviations of each component are shown in Table 4.

5.4.1 Request Preprocessor. As shown in Fig. 12a, the request
preprocessor (RP) reduces the read latency by 41.06% compared
to RocksDB. It is because the key sorter (KS) and key allocator
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Figure 16: Compaction
latency reduction of RecDB
when applying the com-
paction scheduler.

(KA) in request preprocessor successfully reduce the read ampli-
fication during prefetch embedding vectors. Fig. 13 and Fig. 14
illustrate the reason behind this efficient reading performance.
First, the key sorter avoids repeatedly loading the same SSD block.
As depicted in Fig. 13, more than 23.85% data blocks in RocksDB
are repeatedly loaded from SSDs to the cache. Some of them have
been loaded 16 times. However, the key sorter reorders the access
order, significantly reducing the number of reloads. Specifically,
more than 99.93% of the data block is loaded only once after ap-
plying the key sorter. When applying the key sorter, the number
of loaded data blocks decreases to 31.78×105, representing 36.39%
reduction compared to the 49.96×105 in RocksDB. Secondly, the
key allocator further reduces the number of data block, through
grouping the hot but sparse embedding vector into a small set of
data blocks in SSD. In Fig. 14, when applying both the key sorter
and the key allocator, the number of loaded data blocks is further
reduces by 15.48% compared to simply applying the key sorter.
Notably, the request preprocessor introduces an additional up-
date overhead as shown in Fig. 12b. However, compared to the
significant optimization achieved by the request preprocessor in
read time, such overhead is acceptable.

5.4.2 Compaction Picker. Fig.15 illustrates that the compaction
picker enhances the efficiency of outdated data deletion. We use
garbage collection (GC) efficiency to measure the ability to delete
outdated embedding vectors. GC efficiency is defined as the ra-
tio of the number of deleted outdated vectors to the number
of vectors that participate in compactions. Fig. 15 presents the
GC efficiency of RocksDB and RecDB equipped with the com-
paction picker. For the original LSM-Tree compaction design,
its GC efficiency is 9. 11%. When RecDB is equipped with the
compaction picker, the efficiency of outdated embedding vector
deletion improves by 23.30%. This is because the compaction
picker helps select the compaction file that removes the most
outdated embeddings efficiently.

5.4.3 Compaction Scheduler. The compaction scheduler (CS)
avoids overlap between the compaction threads and the prefetch
threads, mitigating resource contention. This design leads to re-
duced latency in prefetch and compaction tasks. As illustrated in
Fig. 12a, we observe that when applying the request reprocessor,
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Figure 17: Overhead of the request processor, showing the
execution time breakdown of read and update operations
in RecDB.

the compaction picker and the compaction scheduler, the read
latency is decreased by 11.53% compared to RecDB equipped
with the request reprocessor and the compaction picker. This
reduction can be explained by the fact that compaction scheduler
allows prefetching to eliminate compaction interference.

Apart from prefetch, compaction itself also benefits from the
compaction scheduler. Fig. 16 illustrates the compaction latency
comparison between RecDB and RecDB without the compaction
scheduler. Specifically, RecDB achieves a 25.10% reduction com-
pared to RecDB without the compaction scheduler. This is be-
cause the prefetch thread content less resource with the com-
paction thread.

The compaction latency reduction further improves the up-
date performance. When compaction finishes early, more write
bandwidth can be provided for the flush operation to persist up-
dated parameters from memory to the SSDs. As shown in Fig.
12b, when applying compaction scheduler (e.g. RP+CP+CS), the
update latency is decreased by 4.80% compared to those without
the compaction scheduler (e.g. RP+CS).

5.4.4 Overhead analysis. We further analyze the overhead in-
troduced by the request preprocessor, the compaction picker,
and the compaction scheduler. For the overhead of the request
preprocessor, Fig. 17 shows the read and update time breakdown
of RecDB. The read execution of RecDB includes allocating hot
keys, identifying hot keys, sorting keys, and finally reading the
embedding vectors. Similarly, the update execution of RecDB in-
cludes allocating hot keys and writing embedding vectors. Over-
all, the request preprocessor adds little overhead. Specifically,
the execution time of key allocation during updates accounts for
less than 16.50%. Similarly, the execution time for allocating hot
keys, identifying hot keys, and sorting keys account for approx-
imately 3.83%, 9.43%, and 1.19% of total read time, respectively.
To evaluate the compaction picker’s overhead, we compare the
read latency between RecDB without the compaction picker and
RecDB with the compaction picker. As shown in Fig. 18, when
applying the compaction picker, the embedding read time is in-
creased by 2.50%. It is because picker manages the OD monitor
and locks during reading. Specifically, the compaction picker only
introduces an average latency of 65.71 ns, which is negligible.
For the compaction scheduler’s overhead, Fig. 19 compares the
number of compaction times between RecDB and RecDB without
the compaction scheduler. Compaction accelerates reading by
reorganizing the LSM-Tree data. This figure shows that when
applying the compaction scheduler, the number of compactions
decreases by 47.83%. It can be explained by the fact that the com-
paction scheduler delays the compaction execution. Although
the compaction scheduler employs the lazy compaction policy, it
enhances the GC efficiency. Given that the request preprocessor
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Figure 18: Overhead of the
compaction picker, show-
ing the normalized read la-
tency of RecDB.
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significantly improves the reading performance and overall train-
ing performance, the overhead introduced by the compaction
scheduler becomes negligible.

6 DISCUSSION
While RecDB is optimized for SSD-based storage to accommodate
models that exceed DRAM capacity, we recognize that real-world
deployments often leverage tiered storage (combining memory,
SSDs, and HDDs) to balance performance and cost. RecDB’s LSM-
tree architecture is inherently extensible to such heterogeneous
environments through the following strategies:

1) Fine-grained Key-level Caching: Beyond the current
block-granularity cache, RecDB can incorporate a key-granularity
caching layer to store the most frequently accessed ("hot") em-
beddings. Given the power-law distribution typical of recom-
mendation workloads, this design could bypass disk I/O for the
majority of requests, significantly reducing tail latency.

2) Temperature-Aware Data Placement: RecDB can imple-
ment a multi-path storage backend where LSM-tree levels are
placed according to data "temperature." Specifically, upper levels
(e.g., 𝐿0 to 𝐿2), which handle the bulk of hot read requests, can be
pinned to DRAM or NVMe SSDs. Lower levels (𝐿𝑚𝑎𝑥 ), containing
colder historical data, can be offloaded to high-capacity HDDs to
optimize storage costs [8].

3) Data-Promotion Compaction: To keep hot key in SSDs,
we can integrating data promotion into the compaction pro-
cess. Specifically, during a compaction from level 𝐿𝑘 to 𝐿𝑘+1,
RecDB can identify hot keys within the input range and "pro-
mote" them to 𝐿𝑘 instead of moving them to the lower level. This
"hotspot-conscious" compaction ensures that frequently accessed
embeddings migrate toward faster storage tiers (e.g., from SSD
to DRAM) with minimal additional overhead.

7 Conclusion
This paper presents RecDB, an LSM-Tree based storage system
designed specifically for training recommendation models in
low-resource scenarios. It fully leverages the unique access pat-
terns to address issues of random queries, space overhead caused
by obsolete data, and compaction interference during training.
Experimental results demonstrate that RecDB successfully elimi-
nates the inherent disadvantages of the naive LSM-Tree design.
For instance, it reduces read latency by 72.96% and improves
the efficiency of outdated embedding vector deletion by 23.30%
compared to RocksDB, a well-known LSM-Tree based storage
system.
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