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lower than DRAM and can be easily saturated, making CXL memory the bottleneck. The non-uniform memory
access (NUMA) architecture in modern CXL servers further decreased the system performance. In this paper,
we design Carina for ERM serving on heterogeneous memory with CXL by considering such bandwidth
asymmetry. In particular, Carina balances the memory access from different memory devices by storing hot
embeddings with high access frequencies on DRAM and specifying the placement of embedding tables on
the NUMA nodes. Moreover, Carina adopts bandwidth-aware task execution, which decomposes each batch
of ERM requests into fine-grained tasks and schedules the tasks to control the real-time utilization of CXL
bandwidth to avoid instantaneous saturation. We evaluate Carina under real CXL devices and find that it
outperforms a CXL-oblivious baseline by an average of 5.38x and 4.04x in system throughput and request
latency, respectively.
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1 Introduction

Embedding-based recommendation models (ERMs) have good accuracy [17, 26, 28, 53] and hence are
widely used in applications such as e-commerce [29, 68], advertisement [23, 90], and search [11, 52].
For instance, ERMs take up 80% of the AI inference compute cycles at Facebook [28]. An ERM
consists of many embedding tables and a dense neural network. To serve the ERM for a batch
of requests, the embeddings specified by the requests are first aggregated from the embedding
tables (i.e., lookup) and then fed to the dense network to compute predictions (i.e., compute). Lookup
requires large memory to store the embedding tables and usually runs on CPUs, while compute

involves heavy model computation and typically runs on GPUs. Thus, lookup and compute are
commonly deployed as separate services in production [35, 40, 56, 83, 89] to account for their
distinct resource requirements. We focus on embedding serving (i.e., lookup) following existing
research [47, 81, 82] as model computation is considered easy to handle.
The embedding tables can contain trillions of embeddings and take up TBs of memory [54].

Storing them in a server with large DRAM provides low lookup latency, which is crucial for quality
of service (QoS). However, such high-end servers are expensive and limited by the DRAM capacity
of a single machine. Some systems store the embeddings in SSDs to reduce cost [69, 72, 80] or
over-distributed machines to improve scalability [25, 39, 57]. However, SSDs have much higher
latency than DRAM and suffer from read amplification due to their 4KB block access granularity,
while distributed solutions have high deployment costs and network latency.

CXL (Compute eXpress Link) [4] is a new interconnect technology that allows a server to access
remote memory via PCIe and suits ERM embedding serving for two reasons: (i) The latency of
CXL memory (e.g., 260ns) is much shorter than SSDs and network, and even comparable to DRAM
(e.g., 110ns); and (ii) CXL has good scalability since a server can connect to up to 256 CXL devices
(e.g., Micron 256GB CZ120 memory expansion module [7]) via a CXL switch [8] under CXL 2.0
protocol [3].
Since CXL memory is byte-addressable and can be accessed like DRAM, some systems directly

interleave CXL memory with DRAM (i.e., using numactl [1]) as the underlying storage and reuse
the execution engine for DRAM. Such a CXL-oblivious design yields DRAM-like performance for
workloads including database OLTP [10, 73], key-value store [48, 75], and graph processing [66],
but is inefficient for embedding serving due to CXL congestion. Specifically, embedding serving
involves massive data traffic to read the embeddings but CXL bandwidth is notably lower than
DRAM. For instance, a PCIe 5.0 x8 lane connects a server to one CXL memory device with 16GB/s
bandwidth, while DRAM bandwidth can reach 250GB/s. As such, CXL bandwidth can be easily
saturated by embedding access, making it a bottleneck for system performance. In addition, modern
servers usually adopt the non-uniform memory access (NUMA) architecture, where the speeds of
data transfer from CPU to CXL devices on different NUMA nodes are not the same. As a result,
directly interleaving CXL memory devices across NUMA nodes amplifies CXL congestion.

More specifically, we show that two problems need to be tackled to resolve CXL congestion.

• How to place the embeddings on heterogeneous memory? Instead of simply interleaving all memory
devices (i.e., DRAM and CXL memory across NUMA nodes) for storage, the placement should
jointly consider the access pattern of the embeddings and the bandwidth of the memory devices.
Ideally, the data traffic handled by each device should be proportional to its bandwidth such that
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the loads of the devices are balanced. Otherwise, the overloaded devices will become stragglers
and stall system performance. Moreover, the placement should be adjusted when there are shifts
in the access patterns of the embeddings.

• How to schedule the CPU threads to the read embeddings? A good placement ensures that the traffic
loads of memory devices are balanced statistically, but a device could still become a temporary

bottleneck when too much traffic is requested on it in a short time. Moreover, the workloads of
the threads may be skewed, making heavily loaded threads stragglers that stall requests. Different
from static embedding placement, task scheduling should consider dynamic real-time memory
access to avoid bandwidth saturation and balance the workloads of CPU threads.

To address the two problems, we propose Carina, a CXL-oriented ERM embedding serving
system. Carina features two key designs for heterogeneous memory systems with CXL, namely
balanced embedding placement and bandwidth-aware task execution. Since CXL servers adopt the
NUMA architecture, we conduct embedding placement in two steps: (i) balancing the access across
the NUMA nodes, and (ii) balancing DRAM and CXL access within the same NUMA node. In the
first step, we assign the NUMA nodes to host different embedding tables (i.e., table-wise sharding)
such that the workloads on one table can be processed locally by its resident NUMA node. To
balance the memory consumption and lookup workloads of the NUMA nodes, we formulate a
constraint satisfaction problem (CSP) to solve the table assignment. In the second step, we adopt
embedding-wise tiering that stores hot embeddings in DRAM and cold embeddings in CXL memory
to balance their traffic according to their bandwidths. When the access pattern changes, Carina
migrates the embedding tables in the background for re-balance and minimizes the data movement
overhead in this process.
To execute lookup for a batch of requests, Carina apply an asynchronous task-based parallelism

strategy. In particular, a task reads embeddings from one table for a group of requests in the batch
(called a micro-batch); each thread runs a task, and once the current task finishes, the thread
proceeds to another task without waiting for the other threads. To avoid instantaneous saturation of
CXL bandwidth, Carina scheduler monitors the embedding accesses of the running tasks and limits
the real-time data traffic on CXL by properly selecting the tasks to execute. In comparison, DRAM-
based embedding serving systems (e.g., TorchRec [30]) adopt synchronous intra-table parallelism,
which uses all threads to read embeddings from one table each time. Our execution strategy avoids
making the threads idle for synchronization and allows fine-grained control of the data traffic on the
memory devices. We also identify and decompose the large tasks (i.e., targeting heavy embedding
tables) into smaller ones such that they do not stall the requests. In particular, we formulate a mixed
integer linear programming (MILP) problem to determine a task size for each embedding table and
ensure that system throughput is not degraded. Note that the MILP is solved offline and thus does
not add to the costs of online serving.
We evaluate Carina on a real CPU server with CXL 1.1 memory devices and compare it with a

CXL-oblivious design that interleaves DRAM and CXL memory for storage and adopts TorchRec
as the execution engine. The results show that Carina consistently outperforms the baseline by a
large margin, e.g., increasing the request processing throughput by 5.38x on average, and reducing
the average and 99th percentile request latency by an average of 4.04x and 4.08x, respectively. The
results also suggest that the designs of Carina are effective. In particular, our balanced embedding
placement avoids CXL congestion and fully utilizes the bandwidth of all memory devices. The
task-based parallelism improves throughput by 3.03x, and the task scheduler improves throughput
and reduces latency by 1.29x and 1.39x, respectively. The MILP-based task decomposition also
reduces the average latency by up to 2.18x. Moreover, the results also show that Carina outperforms
OS-level memory management systems such as TPP [60] and AutoNUMA [2].
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(a) ERM architecture (b) Table size (c) Pooling factor (d) Access distribution

Fig. 1. The architecture of embedding-based recommendation model (a), and the embedding access patterns

on the FB856 [61] dataset (b-d).

To summarize, we make the following contributions.

• We observe that CXL memory suits ERM embedding serving and identify CXL congestion as the
core problem that makes existing DRAM-based systems inefficient for CXL.

• To tackle CXL congestion, we propose two key designs, i.e., balanced embedding placement and
bandwidth-aware task execution for heterogeneous memory platforms.

• We implement the designs in the Carina system, evaluate Carina’s performance extensively on
real CXL devices, and validate the effectiveness of our designs.

2 Background and Motivation

2.1 Embedding-based Recommendation Models

As shown in Figure 1(a), an embedding-based recommendation model (ERM) consists of dense
neural networks and many embedding tables [17, 28]. Each embedding table corresponds to an
ID-type feature and contains many vector embeddings. For instance, an embedding table may
model the product categories (e.g., electronics and automobiles), and each embedding is trained
to represent a category. A request for ERM serving comes with both ID-type features (e.g., the
product categories a user visited) and numerical features (e.g., the price of the last purchase). To
process the request, ERMs first lookup embeddings from the embedding tables based on the ID-type
features (i.e., lookup). Multiple embeddings may be fetched from one table (e.g., a user visited
multiple product categories) and pooled into one embedding (e.g., by sum or max). The number
of embeddings pooled from a table 𝑡 is called the pooling factor and is denoted as 𝑝𝑜𝑜𝑙𝑡 . For a
model with 𝑇 tables, lookup accesses

∑
𝑡 ∈𝑇 𝑝𝑜𝑜𝑙𝑡 embeddings and produces 𝑇 pooled embeddings.

The pooled embeddings are then fed into a dense neural network (i.e., compute), where they are
associated with the numerical features to compute the final prediction (e.g., click-through rate).

In practice, the embedding tables are large (e.g., in TBs) and dominate the model parameters of
ERMs [26, 53]. Embedding lookup incurs large memory traffic as each request reads many high
dimension embeddings. A disaggregated architecture is usually employed to serve ERMs [35, 40,
56, 89], which hosts lookup and compute on separate servers. Specifically, lookup runs on servers
with large memory and are designed to handle memory-intensive embedding read, while compute

runs on servers equipped with GPUs to process dense neural network computations. This paper
focuses on the storage servers for embedding serving.

Access patterns. In Figure 1, we profile the embedding access patterns of ERM on a dataset open-
sourced by Meta. Figure 1(b) shows 856 embedding tables and there are hundreds of tables that have
millions of embeddings. Note that the table IDs (x-axis) are sorted by the table sizes (y-axis), i.e., the
number of constituent embeddings. Figure 1(c) shows that the average pooling factor varies across
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Fig. 2. A running example for embedding lookup for ERMs.

the embedding tables, ranging from 1 to 200. This suggests that the tables have different lookup
workloads in the number of fetched embeddings. Figure 1(d) plots the cumulative distribution
function (CDF) of the embedding accesses with each curve corresponding to an embedding table.
The results show that most tables follow a skewed distribution, and a small portion of hot embeddings
account for the majority of accesses. Notably, for some highly skewed tables, more than 99% of the
accesses are conducted on less than 1% of the embeddings. As we will show later, the designs of
Carina are tailored for these access patterns.

Embedding lookup. Figure 2 provides a running example for embedding lookup works for ERMs.
Each embedding table (e.g., 𝑇1) is a 2D array that consists of an embedding ID and an embedding
entry in each row. The ID-type features take discrete values and specify the embedding IDs to
access. For instance, an ID-type feature can record the product categories a user visited recently
(e.g., sports, food, and electronics), and another ID-type feature may record the geographic location
of the user (e.g., which country, and which state/province of the country). A request is a user query
that specifies the embeddings to fetch from the embedding tables. For instance, in Figure 2, request
𝑅1 = {[1, 2, 4], [1, 5], [4]]} will read 𝑇1 [1], 𝑇1 [2], and 𝑇1 [4] from table 𝑇1, 𝑇2 [1] and 𝑇2 [5] from
table𝑇2, and𝑇3 [4] from table𝑇3. After a request retrieves its embeddings, the embeddings from the
same table are pooled (e.g., via SUM, MAX, or AVG) into a single embedding. In Figure 2, for request
𝑅1 on embedding table 𝑇1, the pooled embedding is SUM(𝑇1 [1], 𝑇1 [2], 𝑇1 [4]). For each request,
embedding lookup returns the pooled embeddings, which are passed to the compute servers for
subsequent model computation (i.e., feature interaction and MLPs).

A batch contains multiple requests, e.g., 𝑅1 and 𝑅2 for the batch in Figure 2. Batches are formed
by an external system/service and submitted to embedding lookup. A task handles the embedding
lookup of some requests on one embedding table, e.g., Task1 processes embedding table 𝑇1 in
Figure 2, and the size of a task is the number of requests it handles. In a task, offsets indicate the
positions to write the embeddings fetched for the requests and are generated by Carina. For instance,
Task1 reads embeddings [1, 2, 4] from 𝑇1 for 𝑅1 and [3, 6] from 𝑇1 for 𝑅2, and the embeddings for
𝑅1 and 𝑅2 start from the zeroth and 3rd output entries, respectively. Embedding lookup uses the
embedding IDs to fetch the corresponding embedding entries, and a scan over the embedding table
is not required. When the entries of an embedding table are partitioned over DRAM and CXL,
Carina uses an index for embedding lookup.

2.2 CXL Basics

CXL (Compute eXpress Link) [4] is an emerging interconnect technology that leverages PCIe for
efficient communication among CPUs, smartNICs, accelerators, and other devices. A server can
conduct cache-coherent access to all devices connected to it via CXL. CXL classifies the devices
into three types: smartNICs as Type-1, accelerators (e.g., GPUs and FPGAs) as Type-2, and memory
expansion modules (e.g., DRAM and PMEM) as Type-3. Notably, CXL Type-3 devices, referred to
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Table 1. Latency and bandwidth (BW) of READ access over different memory devices. The server connects to

two CXL memories with 16GB/s bandwidth on each NUMA node.

Local NUMA Remote NUMA

DRAM CXL-Mem DRAM CXL-Mem

Latency (ns) 114.5 260.5 191.9 456.6
BW (GB/s) 254.2 31.9 118.4 31.6

Fig. 3. CXL-enabled server with NUMA architecture.

as CXL memory subsequently, are production-ready and can scale CXL servers to terabytes of
memory with good bandwidth and latency. Such large memory capacity benefits ERM embedding
serving, which requires substantial space to keep the embedding tables.

Figure 3 shows the architecture of a CXL server and the attached devices, and Table 1 profiles the
connections in the server. We observe that the latency of CXL memory is comparable to DRAM, and
thus using CXL to expand server memory will not harm request latency. However, the bandwidth of
CXL is significantly smaller than DRAM (i.e., 32GB/s vs. 256GB/s). This can make CXL a bottleneck
for ERM embedding serving when CXL is used to store the embeddings and receives high data traffic.
Moreover, CXL servers generally adopt the NUMA (Non-Uniform Memory Access) architecture,
which contains multiple NUMA nodes with their local DRAM and CXL memory. Accesses to data
on remote NUMA nodes go through the UPI (Ultra Path Interconnect) link and are thus significantly
slower than local NUMA. For instance, the latency for reading remote NUMA CXL is 4x of local
DRAM in Table 1.
Another type of emerging storage device, PMEM (Persistent Memory) [5], also has properties

similar to CXL memory as shown in recent studies [13]. However, existing commercial PMEM
devices (i.e., Intel’s Optane DC Persistent Memory [5]) use the DDR-T protocol and share memory
channels with DRAM, which results in bandwidth contention between DRAM and PMEM [77].
In contrast, the CXL protocol operates over PCIe, enabling the CXL memory devices to utilize
separate bandwidth from DRAM.

2.3 Challenges

DRAM-based serving systems (e.g., TorchRec, TFRS [24]) can be deployed on CXL-enabled servers
by simply interleaving DRAM and CXL memory to store the embedding tables. In particular,
interleaving means that consecutive memory addresses are assigned to different memory devices
such that the system uses multiple memory devices simultaneously. Although this CXL-oblivious
method suits some applications (e.g., KV store and graph processing), it yields poor efficiency for
ERM embedding serving. By profiling TorchRec on CXL memory, we identify two key challenges.

Heterogeneous memory devices. The memory devices of a CXL-enabled server are heteroge-
neous in performance and should be treated differently. However, the interleaving approach treats
them as the same and assigns the embeddings evenly to them. We interleave DRAM and CXL
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Fig. 4. Throughput of TorchRec on one embedding table that contains 4×107 embeddings. (a) Store embeddings

with/without CXL memory. (b) Interleave embeddings among NUMA nodes and use threads from one node.

Fig. 5. Real-time throughput of TorchRec on the FB856 dataset. The throughput can be higher than the device

bandwidth because some embeddings are in CPU cache.

memory to store an embedding table and compare it with pure DRAM and CXL storage. Figure 4(a)
shows that DRAM-CXL interleaving yields much lower throughput than DRAM when the pooling
factor is large. This is because CXL bandwidth is saturated due to heavy data traffic when each
request reads many embeddings. In this case, CXL memory becomes the bottleneck and stalls the
system, evidenced by the fact that DRAM-CXL interleaving eventually achieves 2x the throughput
of CXL since CXL stores half of the embeddings. Figure 4(b) shows that interleaving an embedding
table across NUMA nodes performs worse than storing the table on one NUMA node and using
threads from the local NUMA node to access the table. This is because NUMA-interleaving results
in remote NUMA memory access, which is slower than local access.

Skewed workloads. Existing systems process the embedding tables sequentially and use all
threads to lookup one table each time (i.e., intra-table parallelism). We plot the real-time throughput
of TorchRec on DRAM and CXL memory in Figure 5, which shows that TorchRec’s throughput
fluctuates significantly. This is because the workloads on the embedding tables are skewed, which
is caused by their varying pooling factors as shown in Figure 1(c). Specifically, the data traffic is
high when processing embedding tables with large pooling factors, and CXL bandwidth may be
saturated. Conversely, the data traffic is low when processing embedding tables with small pooling
factors, and the bandwidth of the memory devices is not fully utilized. Intra-table parallelism does
not allow fine-grained control of the data traffic on the memory devices, which is essential for
handling the skewed workloads of the embedding tables.
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Fig. 6. The system architecture and workflow of Carina.

3 Carina System Overview

Carina receives ERM embedding serving requests from clients and processes the requests in batches.
The batch size is specified by users (e.g., to balance between request throughput and latency) as
in existing systems [35, 78, 81]. The requests specify the embeddings to read from the embedding
tables and Carina returns the pooled embeddings for all requests in a batch. Carina runs on a CPU
server with CXL memory and its architecture is shown in Figure 6. Carina consists of two main
components, i.e., embedding table store and task execution engine.

• Embedding table store manages the placement of the embedding tables across heterogeneous
memory devices. Upon system initialization, the store loads the embeddings from disk to CXL
memory. Each embedding table is then assigned to one NUMA node by solving a constraint
satisfaction problem (CSP) to balance both embedding access and space consumption across the
NUMA nodes (§4.1). The store also employs a tiering policy (§4.2) to keep the frequently accessed
embeddings on DRAM to reduce CXL data traffic. During serving, the NUMA balancer monitors
the traffic of the NUMA nodes. If the traffic is unbalanced, embedding tables are migrated across
NUMA nodes in the background for re-balance without stopping request serving (§4.3).

• Task execution engine processes the requests by accessing the embedding table store. The engine
adopts an efficient asynchronous task-based parallelism strategy for execution (§5.1), which
processes embedding lookups at the granularity of task (i.e., handling a group of requests in
the batch on an embedding table) without synchronization. When receiving a request batch,
the engine decomposes it into a set of tasks according to an MILP (i.e., mixed integer linear
programming) generated task decomposition schema (§5.3) to avoid large tasks. The MILP is
solved offline to determine a task size (i.e., number of requests in a task) for each table. The task
scheduler also monitors the running tasks and chooses the tasks to run to avoid CXL saturation
and maximize local NUMA access (§5.2). Once assigned a task, the worker lookups embeddings
from the store and forwards the pooled embeddings to the output collector. When all pooled
embeddings are collected for a batch, the engine returns the outputs to the client.

We consider a single server but our designs can be extended to a distributed environment.
Since CXL 2.0 [3] allows multiple servers to access the same CXL device via a CXL switch, a CXL

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 137. Publication date: June 2025.



CARINA: An Efficient CXL-Oriented Embedding Serving System for Recommendation Models 137:9

shared memory pool can be built following existing works [12, 88]. To scale up request throughput,
each server can provide service independently by keeping its own copy of the hot embeddings in
DRAM and sharing one copy of full data in the CXL shared memory pool. This saves CXL memory
compared with replicating data across the servers.
Although Carina targets ERM embedding serving, some of our designs, e.g., balanced data

placement on DRAM and CXL memory, and task scheduling over heterogeneous memory devices,
also apply to other applications. Ideally, the applications should (i) require large memory to keep
many embeddings and (ii) conduct skewed access to the embeddings. Two applications meet these
requirements, i.e., graph learning and vector similarity search. In particular, graph learning such
as graph neural networks (GNNs) [15, 21, 76, 85], knowledge graph reasoning (KGR) [65, 92] and
graph embedding (GE) [50, 63, 91] use the node/edge embeddings, which can be large for huge
graphs. Moreover, accesses to these node/edge embeddings are usually skewed due to the graph
structures [74]. Given a query vector, vector similarity search finds its most similar vectors from a
large vector dataset [59]. It has been reported that some popular vectors are more likely to become
the results of vector similarity search because the queries are biased [36, 62].

4 Balanced Embedding Placement

For a CXL server with heterogeneous memory (i.e., CXL memory and DRAM under multiple
NUMA nodes), simply interleaving all memory devices may overload some devices and make them
bottlenecks. To avoid such bottlenecks, we conduct embedding placement in two steps: (i) balancing
accesses and memory consumption to the NUMA nodes via table-wise sharding in §4.1, and (ii)
balancing accesses to DRAM and CXL memory within the same NUMA node via embedding-wise
tiering in §4.2. Finally, We discuss how Carina adjusts its embedding placement when the access
pattern changes in §4.3.

4.1 Table-wise Cross-NUMA Sharding

We assign each embedding table entirely to one NUMA node because by using the local threads of
the NUMA node to process the embedding table, inefficient remote NUMA access is avoided (see
Figure 4). Randomly assigning the tables may lead to unbalanced data access and space consumption
across the NUMA nodes. Balanced data access is important because a batch of requests is processed
in parallel on the NUMA nodes, and one NUMA node will stall the batch if it receives too many
accesses. Balanced space consumption is also favorable because it avoids the case of a NUMA node
hosting many large tables and going out of memory. Additionally, by assigning an equal number of
embedding tables to each NUMA node, the workloads of the NUMA nodes are balanced. This is
because Carina processes the lookup task on one embedding table on its resident NUMA node for
good locality (see Section 5).
We consider three balancing objectives across the NUMA nodes, i.e., storage size, data access,

and number of tables. To achieve these objectives, we formulate table assignment as a constraint
satisfaction problem (CSP). In particular, we denote the set with 𝑇 embedding tables as T , the set
containing 𝑁 NUMA nodes as N , the embedding tables assigned NUMA node 𝑛 ∈ N as T𝑛 . We
constrain that T𝑛 contains 𝑇 /𝑁 tables, and the goal is to solve T𝑛 for each NUMA node 𝑛. The CSP
is expressed as

|T𝑛 | =
𝑇

𝑁
, |

∑

𝑡 ∈T𝑛

𝑃 (𝑡) −
𝑇

𝑁

∑

𝑡 ∈T

𝑃 (𝑡) | ≥ 𝜙 ·
𝑇

𝑁

∑

𝑡 ∈T

𝑃 (𝑡)

∀𝑛 ∈ N , ∀𝑃 ∈ {𝑠𝑖𝑧𝑒, 𝑎𝑐𝑐𝑒𝑠𝑠}, (1)
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Fig. 7. (a) CXL-DRAM tiered lookup with different DRAM access ratios using the DRAM and CXL memory of

a NUMA node. (b) Parallel lookup performance on CXL memory.

where 𝑃 stands for both storage size (i.e., 𝑠𝑖𝑧𝑒) and data access (i.e., 𝑎𝑐𝑐𝑒𝑠𝑠). Take storage size 𝑠𝑖𝑧𝑒 as
an example. The term

∑
𝑡 ∈T𝑛 𝑠𝑖𝑧𝑒 (𝑡) is the storage size on NUMA node 𝑛 as it sums over the tables

in T𝑛 ;
𝑇
𝑁

∑
𝑡 ∈T 𝑠𝑖𝑧𝑒 (𝑡) is the average storage size over all NUMA nodes. 𝜙 is a tolerance factor that

determines how far each NUMA node can deviate from the average and is set as 0.01 by default.
The CSP can be solved quickly using the CBC solver [22], e.g., it takes less than 100ms for the
FB856 dataset with more than 800 tables.

4.2 Embedding-wise DRAM-CXL Tiering

We consider the embedding tables assigned to a NUMA node and decide how to store their
embeddings in the local DRAM and CXL memory of the NUMA node. The naive placement, i.e.,
interleaving CXL memory with DRAM and randomly placing the embedding, is observed to be
inefficient in Figure 4(a). This is because DRAM and CXL memory receive the same data traffic but
the bandwidth of CXL memory is notably smaller than DRAM. This makes threads contend for
CXL bandwidth, and Figure 7(b) shows that using more threads to access CXL does not improve the
throughput due to bandwidth saturation. Thus, we should reduce the data traffic on CXL memory
to avoid making it the bottleneck.

Many researches observe that accesses to the embeddings are skewed [37, 47, 67] (see Figure 1(d))
and thus cache hot embeddings in fast memory devices. Similarly in our case, storing the hot
embeddings in DRAM can reduce the data traffic on CXL memory. However, Figure 7(a) shows that
conducting more accesses to DRAM does not always lead to higher throughput. This is because
DRAM and CXL memory can be accessed in parallel, and thus the accesses to them should be
proportional to their bandwidth to fully utilize both devices. Building upon this intuition, we
conduct DRAM-CXL tiering by ensuring that the following equation holds.

∑
𝑒∈E𝐷𝑅𝐴𝑀

A𝑒

∑
𝑒∈E𝐶𝑋𝐿

A𝑒
=

B𝐷𝑅𝐴𝑀

B𝐶𝑋𝐿
, (2)

where B𝐷𝑅𝐴𝑀 and B𝐶𝑋𝐿 are the bandwidth of DRAM and CXL memory, respectively; E𝐷𝑅𝐴𝑀 and
E𝐶𝑋𝐿 denote the sets of embeddings assigned to DRAM and CXL memory; and A𝑒 is the access
frequency of embedding 𝑒 . To meet Equation (2), an embedding table is first loaded into CXL
memory. The embeddings are ranked in descending order of their access frequencies and copied to
the DRAM starting from the most popular ones. Once the left hand side of Equation (2) becomes
larger than the right hand side, we stop and keep the remaining embeddings on CXL memory.
To adapt to dynamic changes in embedding access patterns, we use background threads to

update the DRAM storage periodically according to the recent embedding access (i.e., recorded

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 137. Publication date: June 2025.



CARINA: An Efficient CXL-Oriented Embedding Serving System for Recommendation Models 137:11

from sampled traces). We apply this strategy independently to each embedding table, allowing for
separate and concurrent updates to the DRAM storage for each table.

4.3 Runtime Placement Adjusting

The access pattern of the embeddings may change over time [67], and thus the initial table placement
can become unbalanced between NUMA nodes and lead to inferior performance. To solve this
problem, Carina introduces a balancer that tracks the access frequencies of tables and triggers
placement adjusting when the current sharding plan is found to be unbalanced (i.e., by a threshold).
A naive solution is to stop the system and generate a new sharding plan. To avoid halting request
serving, we migrate embedding tables across the NUMA nodes for re-balance in the background
and we minimize the data movement during migration.

Minimum data movement. We formulate an MILP (i.e., mixed integer linear programming)
problem to minimize the data movement when adjusting the original sharding plan into a balanced
sharding plan. In particular, NUMA node 𝑛 holds table T𝑛 in the current plan and tables T ′

𝑛 in
the new plan. The new sharding plan should satisfy the storage size and data access balancing
constraints in Equation (1), and we set the following objective function

T𝑐 =
⋃

𝑛∈N

(T ′
𝑛 − T𝑛), min

∑

𝑡 ∈T𝑐

𝑠𝑖𝑧𝑒 (𝑡), (3)

where T𝑐 are the migrated tables. Solving the MILP is also quick (e.g., taking 50ms). By applying
the minimum target, the new placement can minimize the data size to be moved. Since the original
plan already has a balanced storage size, the new plan will generate based on the old one while
most of the tables will keep the original placement.
Moreover, some tables can be copied among all NUMA nodes to reduce data movement. For

example, Figures 1(b-c) show that 25% of the tables in FB856 dataset account for 22% of the total
data accesses but take up less than 1% of the total size. We also observed a similar phenomenon
on other datasets. By duplicating these tables across NUMA nodes (i.e., on CXL memory), the
migration of them only needs to move the data in the DRAM part.

Consistency. During table migration, we ensure that new requests can locate the embedding
tables and ongoing requests can finish by using a lazy release strategy [41] for the moved tables
and optimistic concurrency control (OCC) [46] on the scheduler. In particular, we adopt an atomic
location tag 𝐿𝑡 to record the latest location of each table 𝑡 (i.e., on which NUMA node), and the
task scheduler assigns tasks to workers based on 𝐿𝑡 . 𝐿𝑡 is modified after table 𝑡 is copied to a new
NUMA node. We also use an atomic counter 𝐶𝐿𝑡 to record the number of unfinished tasks on table
𝑡 for each NUMA node. Table 𝑡 on the original NUMA node are deleted after the copy finishes and
its local 𝐶𝐿𝑡 becomes 0. Such lazy table release strategy prevents workers from accessing freed
memory spaces. Note that reading 𝐿𝑡 and updating 𝐶𝐿𝑡 are not atomic operations in the scheduler.
Since conflicts rarely occur, we use OCC by letting the scheduler recheck 𝐿𝑡 after updating 𝐶𝐿𝑡 .
The lazy table release strategy may result in higher memory consumption due to unreleased

tables. To avoid out-of-memory (OOM) errors, the migration process will move tables individually,
checking if the target NUMA node has sufficient memory for each table. If not, the migration for
the current table will be blocked until the unreleased tables are freed. Additionally, a portion of the
memory space in each NUMA node is reserved to prevent deadlocks during the migration process.
Existing researches [37, 47, 67] has observed that embedding access is skewed and proposed to

cache the hot embeddings in fast memory. Although we adopt a similar tiering strategy, our data
placement tackles several problems specific to a CXL-based memory system, e.g., balancing the
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Fig. 8. Different parallelism strategies for request serving. There are 4 tables, the request batch size is 4, and

the server contains 4 workers (i.e., W1-W4). The size of a task is the number of requests it processes, and at

the same size, tasks on tables with larger pooling factors (e.g., T3) have long running times. The red dash line

indicates the completion of the current batch.

workloads, storage, and access across the NUMA nodes, balancing the access-to-bandwidth ratios
of DRAM and CXL, and dynamically adjusting the embedding placement to adapt to the changes
in embedding access pattern. These designs distinguish Carina from existing researches.

5 Bandwidth-aware Task Execution

DRAM-based ERM embedding serving systems (e.g., TorchRec) use intra-table parallelism to process
requests. As shown in Figure 8(a), all CPU threads are launched to perform embedding lookups
on one table simultaneously and synchronize before proceeding to the next table. Intra-table
parallelism is inefficient for heterogeneous memory platforms with CXL because it may cause
bandwidth under-utilization and saturation. In particular, although Carina statistically balances
the bandwidth usage of DRAM and CXL memory with embedding placement, the instantaneous
data access may still be unbalanced when processing an individual table. For instance, if a table
mainly contains cold embeddings (e.g., a large table with a small pooling factor) and stores most of
its embeddings on CXL memory, most data traffic will be requested on CXL, causing saturation.
Conversely, if a table mainly contains hot embeddings, CXL bandwidth may be under-utilized
because most data traffic is directed to DRAM. Besides, the synchronization after processing each
table may also make some threads idle waiting since threads reading CXL-resident embeddings
may run for a long time.

To replace intra-table parallelism and tackle its problems, we propose asynchronous task-based
parallelism. Specifically, a request batch is decomposed into tasks and then assigned to the workers
(i.e. CPU threads) for execution by a scheduler. We first introduce the task definition and the
working pattern of the parallelism strategy in §5.1. The scheduler controls the parallel processing
of the tasks to prevent instantaneous saturation of CXL bandwidth and also takes NUMA locality
into account (§5.2). In addition, we introduce an MILP-based task decomposition method to reduce
request latency by breaking large tasks into small ones in §5.3.

5.1 Asynchronous Task-based Parallelism

Carina manages request processing at the task granularity and assigns each task to a single worker
for embedding lookup. A task involves the lookup on a single embedding table for a micro-batch of
requests (i.e., a subset of the requests in a batch). We specify a task by indices and offsets, where
indices determine the embeddings to access, and offsets tell the locations to pool the accessed
embeddings as output. There are many embedding tables with different workloads for an ERM. For
tables with light access, all requests in a batch can be consolidated into a single task. In contrast,
tables with heavy access are decomposed into multiple tasks.

Our task decomposition is efficient for execution because it groups all embeddings that contribute
to the same output (i.e., for pooling). An alternative is to decompose the table accesses based on
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Algorithm 1: Runtime task scheduling algorithm.

1 R: Current request batch under processing.

2 N𝑐𝑜𝑚𝑝 : NUMA node ID for a CPU.

3 N𝑡𝑎𝑠𝑘 : NUMA node ID for a task’s embedding table.

4 W𝑔 [𝑛]: CXL load factor for NUMA node 𝑛.

5 def Working(N𝑐𝑜𝑚𝑝):
6 while True do
7 𝑡𝑎𝑠𝑘 ← Schedule(N𝑐𝑜𝑚𝑝)

8 W𝑔 [N𝑡𝑎𝑠𝑘 ] += 𝑡𝑎𝑠𝑘 .𝑐𝑥𝑙_𝑟𝑎𝑡𝑖𝑜

9 Process(𝑡𝑎𝑠𝑘)

10 W𝑔 [N𝑡𝑎𝑠𝑘 ] −= 𝑡𝑎𝑠𝑘 .𝑐𝑥𝑙_𝑟𝑎𝑡𝑖𝑜

11 def Schedule(N𝑐𝑜𝑚𝑝):
12 L ← GetTasks(R, N𝑐𝑜𝑚𝑝) // local NUMA

13 if L is Empty then

14 L ← GetTasks(R, *) // remote NUMA

15 𝑡𝑎𝑠𝑘 ← next task from L

16 if W𝑔 [N𝑡𝑎𝑠𝑘 ] > W𝑐𝑥𝑙 then

17 𝑡𝑎𝑠𝑘 ← min(𝑐𝑥𝑙_𝑟𝑎𝑡𝑖𝑜) task from L

18 Pop 𝑡𝑎𝑠𝑘 from L

19 return 𝑡𝑎𝑠𝑘

their target memory devices (i.e., DRAM tasks and CXL tasks). However, such a method incurs extra
overheads for scattering the indices to access and merging the partially pooled embeddings (i.e.,
from DRAM and CXL memory). Compared with intra-table parallelism, our task decomposition
enjoys higher CPU cache hit rate during embedding lookup. A batch may have repeatedly accessed
embeddings, and performing the lookups on the same CPU thread increases the likelihood that the
embeddings are in the private CPU cache (i.e., L1 and L2) for the CPU core.

To avoid the workers being idle after task completion, Carina adopts an asynchronous execution
pattern between batches. In synchronous task-based parallelism, the processing of the next batch
starts only after all tasks of the previous batches are finished. In this case, some heavy tasks may
become stragglers and leave the workers idle waiting, as shown in Figure 8(b). With asynchronous
task-based parallelism, workers can start executing tasks from the next batch before the finish of
the current batch as depicted in Figure 8(c), thus enabling the parallel embedding lookups from
different batches and effectively improving CPU utilization.

5.2 Runtime Task Scheduling

We have two targets for task scheduling: (i) preventing instantaneous saturation of CXL bandwidth,
and (ii) maximizing local NUMA memory access. Instantaneous saturation can result in contention
among workers for limited CXL bandwidth, resulting in degraded system throughput and latency.
Moreover, remote NUMA access can also degrade the performance because it is less performant
than local access. To prevent CXL saturation, our scheduler monitors the CXL accesses of all
running tasks and avoids scheduling CXL-intensive tasks when the data traffic on CXL is already
high. To maximize local NUMA access, our scheduler prioritizes assigning tasks to workers that
are co-located with the embedding tables targeted by the tasks.
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Carina applies Algorithm 1 to schedule tasks. In particular, each worker is bound to a NUMA
node and continuously processes tasks (lines 5-10). An array W𝑔 is employed to monitor the CXL
saturation level, whereW𝑔 [𝑛] denotes the saturation level on NUMA node𝑛’s CXLmemory.W𝑔 [𝑛]
is calculated as the sum of CXL memory access ratio (i.e., CXL ratio for short) for all running tasks
on node 𝑛 (lines 8-10). To compute the CXL ratios with low overhead, we estimate a task’s CXL
ratio as the CXL memory access ratio of its target table. The scheduling steps are in lines 11-19.
When an idle worker from NUMA node N𝑐𝑜𝑚𝑝 attempts to obtain the task list L of the NUMA
node, it checks if all tasks of the current batch in L are either being processed or completed. If
so, this indicates that node N𝑐𝑜𝑚𝑝 is ahead of other NUMA nodes. In this case, a task list from
another NUMA node is randomly selected. Subsequently, a task is chosen from this task list, and
the scheduler will check the CXL saturation level of the corresponding NUMA node. If W𝑔 [N𝑡𝑎𝑠𝑘 ]

exceeds a predetermined CXL saturation thresholdW𝑐𝑥𝑙 , the system seeks an alternative task with
lower CXL ratio requirements within the task list. The value ofW𝑐𝑥𝑙 is determined by profiling the
throughput of different numbers of threads concurrently accessing CXL memory (i.e., Figure 7(b)).
Specifically, W𝑐𝑥𝑙 is recorded as the thread number at which further increases fail to improve
throughput. Finally, the chosen task will be processed by the worker.

Carina’s runtime task scheduling effectively manages the bandwidth usage of different memory
devices, preventing the latency caused by saturation. Additionally, it prioritizes local NUMA access
for workers and only resorts to remote NUMA memory when request distribution is imbalanced.

5.3 MILP-based Task Decomposition

For our task-based parallelism, the system achieves the maximum throughput when the task size
(i.e., number of requests in a task) is set as the batch size. Reducing the task size can lead to lower
request latency as large tasks are divided into smaller ones, preventing them from stalling a batch.
However, a small task size degrades throughput due to the increased overhead of task scheduling
and CPU launching.
Using a common task size for all embedding tables is inefficient. This is because the tables

have different workloads due to the differences in their pooling factors. For a table with light
workloads, a batch can be completed in a short time, and decomposing the batch into smaller tasks
can introduce significant overheads. In contrast, for a table with heavy workloads, the overheads
of task management can be marginal. As such, to achieve low request latency while maintaining
the system throughput, we identify the tables that generate long latency tasks and assign smaller
task sizes to them, while maintaining the largest task sizes (i.e., batch size 𝐵) for the other tables.

We devise an MILP (i.e., mixed integer linear programming) based solution to configure task size
for each table. Given a batch size 𝐵 and table set T , we aim to determine task size 𝑠𝑡 for each table
𝑡 ∈ T . We constrain that the task size is selected from the following set.

S = {1, 2, ...,
1

4
𝐵,

1

2
𝐵, 𝐵}, 𝑠𝑡 ∈ S, ∀𝑡 ∈ T (4)

Running the system under different task sizes 𝑠 ∈ S and recording the average latency for each
table yields a latency matrix 𝐿, where 𝑙𝑠𝑡𝑡 represents the task latency of table 𝑡 under task size 𝑠𝑡 .
The throughput of table 𝑡 is defined as the product of task size 𝑠𝑡 and the size of the data read
by each request (i.e., 𝑝𝑜𝑜𝑙𝑡 · 𝑑 , pooling factor 𝑝𝑜𝑜𝑙𝑡 times dimension 𝑑), divided by the latency 𝑙𝑠𝑡𝑡 .
Consequently, the system throughput P is the summation of the throughput over all tables. To
account for a tolerable decrease in throughput, we introduce a factor 𝜖 to represent the allowed
reduction (e.g., 𝜖 = 0.01 by default). We constrain the system throughput must exceed (1−𝜖) · P𝑚𝑎𝑥 .
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P =
∑

𝑡 ∈T

𝑠𝑡 · 𝑝𝑜𝑜𝑙𝑡 · 𝑑

𝑙𝑠𝑡𝑡
, P𝑚𝑎𝑥 =

∑

𝑡 ∈T

𝐵 · 𝑝𝑜𝑜𝑙𝑡 · 𝑑

𝑙𝐵𝑡

(1 − 𝜖) · P𝑚𝑎𝑥 ≤ P (5)

Our objective is to minimize the request latency. Therefore, we define our objective function
as minimizing the maximum task latency among the tables where latency 𝑙𝐵𝑡 is smaller than the
average task latency 𝑙 .

T ′ = {𝑡 ∈ T : 𝑙𝐵𝑡 ≥ 𝑙}, min
𝑡 ∈T′

max
𝑠𝑡 ∈S

𝑙𝑠𝑡𝑡 (6)

The MILP-generated task sizes enable us to identify tables with long latencies, facilitating
the application of smaller task sizes exclusively to those tables. Meanwhile, tables that do not
significantly contribute to request latency can retain larger task sizes to maintain system throughput.
The MILP problem can be efficiently offline solved within minutes using CBC solver [22].

6 Performance Evaluation

In this section, we evaluate Carina with extensive experiments. The key findings include:

• Carina consistently outperforms the baselines, achieving significantly higher throughput and
much lower latency.

• Our key designs, balanced embedding placement and task-based parallelism, solve the CXL
congestion problem.

• Other designs of Carina (e.g., task decomposition and dynamic scheduling) also enhance system
performance.

6.1 Experiment Settings

Datasets. We conducted experiments on the three datasets in Table 2. FB856 and FB788 are Open-
sourced by Meta, they are synthetic but preserve the embedding access patterns of ERMs in
production [61]. Multi-hot Criteo [19] is older and has smaller pooling factors than the two more
recent datasets. The datasets provide requests with ID-type features, and we built an embedding
table for each ID-type feature by randomly generating float vectors as the embeddings. Following
EMS-i [78], we used the first 128 embedding tables of FB856 and the first 112 embedding tables of
FB788 due to the limited memory capacity of our experiment platform. Pool. is the average pooling
factor of the used embedding tables, and Tot. Embs. denotes the total number of embeddings. Dim.

is the default dimension of the embeddings, and Size is the storage size of the embedding tables.

Baseline systems. Open-source ERM embedding serving systems such as TorchRec [30] and
TFRS [24] store embeddings on DRAM and adopt intra-table parallelism. Carina is built upon
TorchRec, which is included in Meta’s production stack and widely used by many companies. We
adapt TorchRec to construct the following baselines:

• Base (B) uses numactl [1] to interleave the memory devices (i.e., DRAM and CXL memory of
all NUMA nodes) to store the embeddings and runs intra-table parallelism. It serves as a naive
CXL-oblivious baseline.

• B+P enhances Base with balanced embedding placement, which includes embedding-wise tiering
for DRAM and CXL, and table-wise sharding among NUMA nodes.

• B+T improves Base with asynchronous task-based parallelism. Tasks are randomly assigned to
workers.
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Table 2. Statistics of the datasets used in the experiments.

Name Used Tabs. Pool. Tot. Embs. Dim. Size (GB)

FB856 128 36.9 433,890,022 128 206.9
FB788 112 21.9 947,384,548 128 451.7
Criteo 26 8.2 204,184,588 128 97.4

• B+P+T adds both balanced embedding placement and task-based parallelism to Base. Task
decomposition is adopted.

• B+P+T+S (i.e., Carina) adds the task scheduling in Algorithm 1 to B+P+T and completes our
Carina system.

Since CXL memory is commonly used as an extension of DRAM, we also compare Carina with
OS-level memory management baselines, i.e., interleaving [1], TPP [60], and AutoNUMA [2]. Other
hardware-specific ERM serving systems (e.g., EV-Store [47] and PetPS [82]) have designs that are
tightly coupled with their targeted hardware features, and running them in the CXL environment
will discard essential parts of their designs. As such, we do not compare them with Carina.

Testbed. We conducted all experiments on a server that hosts a Genuine Intel(R) SPR@2.5GHz
CPU with two NUMA nodes, each having 48 cores and 251GB DRAM. Each NUMA node is also
connected to two 128GB CXL 1.1 memory devices via PCIe 5.0 x8 lanes. Each CXL memory device
has a bandwidth of 16GB/s. Notably, although we evaluate our system on a CXL server with
CXL memory modules, Carina’s designs are compatible with CXL-enabled servers that utilize
other memory expansion devices, such as PMEM with CXL support [6]. The operating system is
Ubuntu-22.04.1 with Linux kernel version 6.2.0-26, and the version of Libtorch is 1.13.0.

Performance metrics. Our primary metrics are system throughput, measured by the average
number of requests processed per second (RPS), and average request latency. We also report the 99
percentile (i.e., P99) request latency since tail latency is critical for quality of service (QoS). They
are measured by taking the average (or P99) of 5,000 runs. To understand how well the systems
utilize the bandwidth of the memory devices, we report the real-time throughput measured as the
amount of data loaded per second (GB/s) over 100𝜇𝑠 time windows.

Implementation. We implemented Carina on the top of TorchRec with about 5k lines of C++
code. For tiered lookup, we follow FBGEMM [42] and use asmjit [45] to generate efficient assembly
code, which allows a CPU thread to access the hot embeddings in DRAM and cold embeddings
in CXL memory. For each table, we encode a hash function whose keys are the embedding IDs
and values are the memory address to access the embeddings. We use prefetcht0 to prefetch the
embedding to the CPU cache.

6.2 Main Results

Figure 9 reports the throughput, average request latency, and P99 request latency of Carina and the
baseline systems with different request batch sizes. Note that the request batches are formed by the
users, and the bath size is usually configured to meet a latency or throughput requirement. We
first observe that Carina consistently outperforms the CXL-oblivious Base (i.e., B). In particular,
regarding throughput, the improvement of Carina over Base is 5.38x on average (across the datasets
and batch sizes) and up to 7.88x. The average latency of Carina is 4.04x on average and up to 7.28x
lower than that of Base. Moreover, the baselines that incorporate the designs of Carina (e.g., B+P
and B+T ) all outperform Base, and incorporating more Carina designs leads to better performance
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Fig. 9. The throughput, average latency, and P99 latency of Carina and the baselines at different batch sizes.

(e.g., comparing B+P+T with B+P). This suggests that Carina’s designs are effective in improving
the performance. We also observe that the average latency and P99 latency are similar in all cases.
This is because the workloads of the requests are similar for ERM serving, and thus we omit the
P99 latency in subsequent experiments.
Comparing the baselines, we observe that B+P improves Base only marginally but B+T yields

much better performance than Base. This is because B+P still adopts synchronous intra-table
parallelism, which introduces a synchronization barrier for each embedding table and keeps other
threads waiting for the threads accessing slower CXL memory. However, embedding placement is
important as B+P+T significantly improves B+T. This is because without our balanced embedding
placement, B+T directs too much traffic to CXL memory, which saturates CXL bandwidth and
makes CXL the bottleneck. Finally, by incorporating our fine-grained task scheduling, Carina
improves the throughput of B+P+T by up to 1.39x and reduces the latency by up to 1.69x. This is
because statistically balancing the traffic load of CXL and DRAM with embedding placement (i.e.,
B+P+T ) is insufficient, and CXL may still become temporary bottlenecks if too many tasks access
it in a short time. Our runtime task scheduling solves this problem by controlling the real-time
utilization of CXL bandwidth.
Figure 9 also shows that Carina achieves larger improvement over B+P+T and B+T on both

FB856 and FB788 than the Criteo dataset. This is because Criteo has fewer embedding tables and
smaller pooling factors, which result in lighter data traffic during request processing and hence
make the effect of CXL congestion less significant. For the same reason, both Base and B+P have low
throughput on Criteo, especially at a small batch size. This is because they use all threads to process
each table at a time (i.e., intra-table parallelism), and the parallelism is under-utilized since the
workload is light on each table for Criteo. We note that FB856 and FB788 are more representative
of recent ERMs with large embedding tables and pooling factors [67].

Varying embedding dimension. Figure 10 reports the throughput and average latency of Carina
and the baselines when changing the dimension of the embeddings. As the results for different
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Fig. 10. Normalized throughput and average latency (with Carina as 1) when using different embedding

dimension. The dataset is FB856, and the batch size is 512.

embedding dimensions span a large range, we normalize them by the results of Carina to make
Figure 10 easy to read. The results show that Carina consistently outperforms all baselines at
different embedding dimensions. The performance of Carina (and all baselines) degrades when
increasing the dimension because a larger dimension means that reading each embedding consumes
more data traffic. The throughput degradation can be more than linear (e.g., Carina’s throughput at
dim-128 is 2.6x of dim-256) because DRAM caches fewer embeddings due to limited capacity, and
thus slower CXL handles the traffic for more embeddings.
An interesting phenomenon is that B+T performs like B+P+T at a small embedding dimension

(e.g., 32) but becomes similar to Base at a large embedding dimension (e.g., 256). This is because
issuing enough tasks is important to fully utilize CXL bandwidth when each embedding is small
but a small number of tasks can already saturate CXL bandwidth when each embedding is large.
In this case, placement (i.e., B+P+T vs. B+T ) significantly improves throughput because the data
traffic on CXL is reduced by storing the hot embeddings in DRAM. We also observe that B+T may
yield longer request latency than Base. This is because Base processes one batch at a time while
B+T may use some threads for the subsequent batches with asynchronous task execution. As such,
the current batch can be stalled due to the contention for CXL bandwidth caused by the other
batches. However, such a negative impact on latency is only observed at high data traffic (i.e.,
large embedding dimension) and resolved by jointly considering embedding placement and task
execution (i.e., B+P+T ).

Bandwidth utilization. Figure 11 reports how Carina and the baselines utilize DRAM and CXL
bandwidth, and the results validate our observations for Figure 9. In particular, Base has similar traffic
on CXL and DRAM because it interleaves embedding storage on the two types of devices. By placing
the hot embeddings on DRAM, B+P has much larger DRAM traffic than Base but both CXL and
DRAM bandwidth are not fully utilized because the threads are stalled due to synchronization and
cannot issue enough read requests. B+T can issue enough read requests by avoiding synchronization
but CXL bandwidth becomes the bottleneck since it lacks the embedding placement optimizations.
By incorporating fine-grained task scheduling, B+P+T+S (i.e., Carina) utilizes both CXL and DRAM
bandwidth more effectively than B+P+T, justifying the good performance of Carina.
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Fig. 11. DRAM and CXL memory bandwidth usage. The dataset is FB856, and the batch size is 512.

Fig. 12. The ratio of the data traffic on one NUMA node with embedding placement adjusting. The machine

has two NUMA nodes. The NUMA node is overloaded initially but the traffic is balanced after the adjusting.

Placement adjusting. Figure 12 shows the access ratio between two NUMA nodes during a
placement adjusting. The dataset is FB856, and the batch size is 512. Since there are no public
traces, we simulated a scenario to trigger an update. Initially, the accesses to both NUMA nodes are
balanced, and then we switch to an imbalance query trace, with a 15% disparity in access. The results
show that adjusting is quick, taking 298ms, which is much faster than a complete re-initialization
(taking 330s). This is because we generate the new plan with minimum data movement and copy
small tables among NUMA nodes, thereby ensuring that the amount of data to be copied is small
and can be transferred quickly.

Comparing with OS-level memory management. We compare Carina with the SOTA OS-level
memory management systems in Figure 13. Specifically, Interleave uses numactl [1] to interleave
all memory devices (i.e., equals to B+T ). We also evaluate two dynamic and transparent OS page
migration systems: TPP [60], a transparent page placement for CXL-enabled tiered memory that
migrates frequently-accessed pages from CXL memory to DRAM, and AutoNUMA [2], also known
as NUMA Balancing, automatically moves pages between NUMA nodes to reduce remote-NUMA
access. AutoNUMA is also the default page migration policy of Linux. For a fair comparison, we
enable the Carina execution engine for all baselines and disable the memory-related optimizations
(i.e., embedding placement and NUMA control) for the OS memory management baselines.

Figure 13 shows that Carina outperforms all OS-level memory management baselines under all
settings. This performance advantage can be attributed to Carina’s tailored optimizations for the
ERM workload, as opposed to solely focusing on hardware settings. When comparing Interleave,
AutoNUMA and TPP, we observe similar performance across all settings. The OS-level dynamic
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Fig. 13. Comparing Carina and OS-level memory management methods with the same execution engine.

Fig. 14. Real-time throughput when Carina uses different parallelism strategy for task execution.

page migration incurs a higher data movement overhead between CXL memory and DRAM due to
their 4KB data migration granularity, and they result in performance nearly the same as Interleave.
Notably, AutoNUMA exhibits a 10% reduction in throughput compared to Interleave, primarily
because the NUMA data migration policy does not recognize CXL memory devices, leading to
higher overhead, as previously discussed in [60].

6.3 Design Choices

In this part, we evaluate the designs of Carina. We use the FB856 dataset and a batch size of 512 by
default, and remark that the observations are similar under other configurations.

Asynchronous task-based parallelism. Figure 14 compares different parallelism strategies by
reporting their real-time data read throughput. In particular, intra-table parallelism (Intra) is adopted
by existing DRAM-based ERM embedding serving systems; synchronous task-based parallelism
(Sync) synchronizes for each batch of requests; asynchronous task-based parallelism (Async) is our
final solution. Since our bandwidth-aware task scheduling does not apply to intra-table parallelism,
we disable it in this experiment for a fair comparison.

We observe that the real-time throughput of Intra fluctuates over time. This is because some
embedding tables have a small read workload and cannot fully utilize memory bandwidth. The
throughput fluctuation is more significant for Sync because the data traffic is high when a batch
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Fig. 15. Performance of Carina with/without the runtime task scheduling designs.

Fig. 16. Latency CDF and throughput when using different static task sizes (e.g., 64 means a task size of 64

requests) and our MILP-based task decomposition.

starts and all threads are running tasks, while the data traffic becomes low when the batch is
waiting for some long-running tasks. The throughput of task parallelism may exceed hardware
bandwidth because some very hot embeddings are in CPU cache, and they can be read without a
load from the memory. By removing synchronization, Async maintains a high throughput over
time by avoiding making the threads idle waiting for synchronization.

Runtime task scheduling. Figure 15 checks the influence of Carina’s task scheduling designs.
In particular, Carina-N-C disables both NUMA locality control and CXL saturation control, while
Carina-N disables only NUMA locality control (by randomly assigning the tasks to workers).
Comparing Carina-N with Carina-N-C, we observe that CXL saturation control reduces request
latency by up to 1.26x. This is because CXL saturation control ensures that CXL is not saturated, and
thus the threads will not be blocked by CXL access. With NUMA locality control, Carina improves
the throughput of Carina-N by up to 1.30x. This is because NUMA locality control ensures that
most embedding accesses are conducted on local NUMA nodes while remote NUMA access has
lower bandwidth and higher latency.

MILP-based task decomposition. Figure 16 compares the performance of our task decomposition
using fixed task sizes. The results show that larger task sizes yield higher throughput but longer
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latency. This is because larger task sizes produce fewer tasks and thus reduce the task initialization
and thread communication overheads. However, a request batch is also more likely to be stalled by
the long-running tasks because the batch needs to wait for all its tasks to finish. Our MILP-based
task decomposition resolves the conflict between throughput and latency by achieving a throughput
like large task size and latency like small task size. This is because task decomposition can use
different task sizes for different embedding tables, and it applies smaller task sizes for tables with
heavy workloads (i.e., tables with larger pooling factors require more embedding reads) to eliminate
long-running tasks.

7 Related Work

ERMserving systems.As embedding-based recommendationmodels (ERMs) arewidely adopted [17,
26, 28, 53], many systems are designed to serve them efficiently [18, 24, 25, 27, 30, 31, 38, 39, 57]
with embedding lookup as the main focus. Most systems (e.g., TorchRec [30], TFRS [24], and
DeepRecSys [27]) store the embedding tables in DRAM for low access latency and adopt intra-table
parallelism during execution. To reduce the data transfer overhead between embedding storage
and computation accelerators (i.e., GPU or FPGA), some systems cache the hot embeddings in GPU
memory [67, 71, 79, 81] or FPGA HBM [34, 37, 78]. Since GPU memory is much smaller than DRAM,
Fleche [81] and UGache [71] design cache replacement and eviction policies. To handle large embed-
ding tables, some systems use slow persistent storage like PMEM [16, 20, 82] and SSD [69, 72, 80].
RM-SSD [72] divides embedding lookup into two stages to leverage the memory controller that
addresses the read amplification caused by the 4KB access granularity of SSD. To reduce slow disk
access, EVStore [47] conducts approximate embedding serving by applying lossy compression to
store more embeddings in DRAM and replacing a disk-resident embedding with a similar DRAM-
resident embedding. Some systems scale ERM serving to distributed servers [25, 31, 39, 57, 67]. For
instance, Guo et al. [25] reduce the data movement overhead by utilizing smartNICs to conduct
embedding pooling. Production deployments (e.g., Kraken [83], DisaggRec [40] and FleetRec [35])
usually disaggregate embedding serving andmodel computation into separate services for flexibility,
scalability, and resource utilization [35, 40, 56, 83, 89]. However, ERM training systems like FAE [9]
and FEC [58] still utilize the aggregated design, where embedding lookup and model computation
co-locate on the same set of servers.

Carina utilizes CXL memory to store the embeddings since CXL provides high performance and
good scalability. Existing systems consider either a single type of storage device (i.e., DRAM) or
two storage devices with a large performance gap (i.e., SSD vs. DRAM [72, 80], DRAM vs. GPU
memory [71, 81]) while the performance gap between CXL and DRAM is much smaller. As such,
Carina introduces fine-grained optimizations for embedding placement and task execution to fully
utilize all memory devices while avoiding bottlenecks. Moreover, RecShard [67] and AutoShard [87]
balance workload across distributed GPU servers by generating a static table placement. Carina
consider the balance problem in a different scenario in which the threads are available to access
cross-NUMA data, and the placement can also be adjusted to adopt access pattern changes. Some
systems observe that some groups of embeddings are commonly utilized by the requests and store
their aggregated results to reduce data access [37, 49, 84]. This optimization is orthogonal to Carina
and can be easily incorporated. The partially aggregated results can be treated as high-frequency
embeddings and organized according to our balanced placement policy.
More recently, some systems [55, 86] have also shown that CXL environments are well-suited

for ERM workloads. CLAY [86] proposes a CXL-based NDP architecture for the embedding layer by
hardware modification. ReCXL [55] focuses on efficient ERM training, introducing optimizations
such as model update scheduling and hardware prefetching. However, these studies conduct
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experiments in simulated CXL environments (e.g., ReCXL utilizes DRAM in remote-NUMA node
to mimic CXL memory). Carina focuses on the role of NUMA within CXL architecture, drawing
insights from evaluations performed on real CXL-enabled servers.

CXL systems. CXL [4] enables servers to connect to memory devices with PCIe lanes and scale
beyond single-machine memory with high performance. It has been shown that directly utilizing
CXL memory or interleaving CXL memory with DRAM as the underlying storage can yield
DRAM-like performance for workloads in OLTP database [10, 73], KV-store [48, 75], and graph
processing [66]. These applications are not affected because they conduct small data accesses and
hence are not bandwidth-bound. To better utilize fast DRAM, TPP [60], SMT [44], NeoMem [93] and
FreqTier [70] explicitly manage page replacement to put the hot pages in DRAM instead of simply
interleaving DRAM and CXL. Some research optimizes specific applications on heterogeneous
memory platforms with CXL. For instance, CXL-ANNS [32, 33] targets vector similarity search
and builds a CXL prototype that can compute vector similarity for computation push-down. CXL-
PNM [43, 64] builds a new CXL memory architecture with high bandwidth and software stack to
accelerate large language model inference. Pond [14, 51] builds a CXL-based memory pool for cloud
platforms to reduce DRAM costs. Carina targets ERM embedding serving, which is a read-only
workload and bandwidth-hungry. As CXL memory’s bandwidth is notably lower than DRAM, we
conduct careful designs to fully utilize CXL while avoiding saturating its bandwidth.

8 Conclusion

We presented Carina, an efficient ERM embedding serving system for heterogeneous memory
platforms with CXL. We identified the key challenge of CXL-oriented embedding serving as CXL
congestion, which is caused by the limited bandwidth of CXL and makes CXL the bottleneck. To
address this problem, we proposed balanced embedding placement with embedding-wise tiering
and table-wise sharding to balance both traffic load and space consumption for the memory
devices. We also adopted bandwidth-aware task execution with dedicated runtime task scheduling
and task decomposition algorithms to control the real-time utilization of CXL bandwidth. Our
experimental results show that Carina significantly outperforms a CXL-oblivious baseline in both
system throughput and request latency, and that Carina’s designs are effective.
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