
EMNLP 2026 Industry Track, pages 803–814
October 24-29, 2026 ©2026 Association for Computational Linguistics

MixEmb: Importance-Aware Quantization and Caching Co-Design for
Industrial Decentralized Embedding Training

Zhida Jiang1, Zhen Chen1*, Zhaolong Xing1*, Jiaxing Wang1, Saixing Gao1,
Baopeng Yuan1, Hao Wang2, Yin Xu2, Lin Liu1, Dongyue Wang1, Ke Zhang1

1JD.com 2University of Science and Technology of China
{chenzhen48, xingzhaolong1}@jd.com

Abstract

Industrial recommendation training increas-
ingly relies on decentralized multi-GPU infras-
tructure, yet sparse embedding tables remain
a major bottleneck due to significant storage,
lookup, and communication overhead. Most
existing works typically optimize only one of
these bottlenecks or are designed for parameter
server architectures, making them less effective
in industrial decentralized training stacks. To
tackle these challenges, we propose MixEmb, a
practical framework for efficient decentralized
embedding training through importance-aware
quantization and caching. We first design a
novel importance metric, i.e., embedding score,
which can distinguish the contribution of em-
bedding vectors based on spatial heterogeneity
and temporal dynamics. Guided by embed-
ding scores, MixEmb employs mixed precision
quantization and hierarchical caching at fine-
grained vector level. Besides, our key finding
is that quantization and caching decisions are
tightly coupled. Instead of naive combination,
we delicately integrate them into a unified train-
ing framework through coupled co-design. A
theoretical convergence analysis is also pro-
vided for MixEmb. We implement and evalu-
ate MixEmb in real-world training scenarios.
Across three workloads, MixEmb attains up to
1.55× speedup and 3.54× compression ratio
compared to state-of-the-art methods.

1 Introduction

Mirroring the breakthroughs of large language mod-
els (LLMs), both academia and industry handle
numerous features to validate the scaling law in the
recommendation domain (Yan et al., 2026). De-
spite the evolution of dense layers, recommenda-
tion systems (Behdin et al., 2025; Team, 2026; Yu
et al., 2026) represent heterogeneous inputs (such
as user queries, item descriptions, categorical at-
tributes, and semantic IDs) as latent embedding
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vectors. Sparse embedding tables remain a critical
component to capture the semantic relationships
between features (Chakraborty et al., 2025).

However, embedding training still encounters
prohibitive resource overhead in industrial settings.
(1) Enormous Storage Requirements. As the
number and categories of features increase, the
memory requirements of embedding tables may
grow to unprecedented sizes, accounting for more
than 99% of the total model capacity (Matam et al.,
2024). (2) Massive Lookup Overhead. The acti-
vated indices retrieve the corresponding representa-
tion vectors from embedding tables (Zhang et al.,
2025). Frequent memory accesses place signifi-
cant pressure on CPU-GPU bandwidth, leading to
I/O bottlenecks. (3) Significant Communication
Latency. During forward and backward propaga-
tion, massive parameters require frequent commu-
nication to maintain consensus, which is further
exacerbated by limited inter-node bandwidth.

Most prior studies improve embedding training
efficiency for standalone architecture or parameter
server (PS) architecture (Miao et al., 2025; Yang
et al., 2020), which suffer from significant single-
point bottlenecks. With recent advancements in
hardware infrastructure and high-speed intercon-
nects, there has been a shift towards fully decen-
tralized peer-to-peer paradigm (Zhao et al., 2020).
Mainstream industrial systems widely adopt decen-
tralized multi-GPU architecture. Due to different
training logic and communication patterns, existing
PS-based methods cannot be deployed on decen-
tralized multi-GPU architecture. Other solutions
(Deng et al., 2021; Zhou et al., 2024; Li et al.,
2023; Kurniawan et al., 2023; Xie et al., 2022;
Song et al., 2023) only reduce one source of over-
head while leaving the others largely unexplored.
This motivates us to study the following question:
How can we simultaneously reduce storage, lookup,
and communication overhead under decentralized
multi-GPU architecture?
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To tackle this problem, we propose MixEmb,
an efficient decentralized training framework with
importance-aware embedding quantization and
caching. It is essential to identify the differences
in convergence contributions of individual embed-
ding vectors for fine-grained optimization. Com-
pared to existing heuristic metrics considering sin-
gle dimensions or static features, we design a
dual-perspective importance metric, i.e., embed-
ding score, which captures spatial heterogeneity
and temporal dynamics. Guided by this metric,
MixEmb assigns different quantization levels to
embedding vectors for mixed precision quantiza-
tion, which reduces memory footprint and commu-
nication payload. Then, the majority of embedding
vectors are stored and transmitted in low-precision
format. In addition, MixEmb re-evaluates the util-
ity of quantized parameters as training proceeds
and dynamically adjusts caching hierarchy, thereby
avoiding frequent CPU-GPU lookup operations.

More importantly, we highlight that quantization
and caching decisions are tightly coupled and must
be co-designed. The naive combination of exist-
ing embedding quantization and caching solutions
will degrade training efficiency and accuracy (Yang
et al., 2020), which is also empirically verified in
Section 5. In comparison, MixEmb delicately uni-
fies embedding quantization and caching into a sin-
gle training framework through coupled co-design.
The quantization levels align with cache hierarchy
of embedding vectors, while cache replacement
policy is closely tied to the quantization representa-
tion. To improve training stability, MixEmb further
performs periodic cache updates instead of reacting
to every cache miss. Overall, the main contribu-
tions of this paper are as follows:

• We propose an industrial-grade embedding
training framework called MixEmb, which
reduces storage, lookup, and communication
overhead of decentralized architecture. We
give the corresponding convergence analysis.

• We design a spatio-temporal embedding im-
portance metric for cross-feature fairness com-
parison and dynamic importance evolution.

• We reveal the tight coupling between
mixed precision quantization and hierarchical
caching, and co-design them in a single train-
ing framework through joint optimization.

• Extensive experiments in real-world training
scenarios demonstrate that MixEmb achieves
up to 1.55× speedup and 3.54× compression
ratio while maintaining comparable accuracy.

(a) Parameter Server (b) Decentralization

Figure 1: Different distributed training architectures.

2 Preliminaries

2.1 Industrial Training Setting

As shown in Figure 1, prior efforts rely on the
PS architecture to scale embedding training. The
CPU-hosted servers maintain global embedding
tables while GPU-equipped workers process data
batches (Miao et al., 2021). This star-shaped design
suffers from scalability bottlenecks due to frequent
transmission over bandwidth-limited networks.

Driven by advances in hardware infrastructure,
mainstream industrial systems tend to deploy de-
centralized multi-GPU architecture (Zhao et al.,
2020), which eliminates the dependency on the
PS. Model parallelism partitions the embedding ta-
bles across GPU-equipped workers without overlap.
Collective communication libraries enable GPU-
GPU communication for synchronization. How-
ever, as the size of embedding tables experiences
explosive growth, we still face prohibitive resource
overhead, hindering efficient sparse training.

2.2 Limitations of Prior Works

Although some PS-based approaches (Miao et al.,
2025; Zeng et al., 2024; Miao et al., 2021; Matam
et al., 2024; Yang et al., 2020) have been proposed
for efficient embedding training, their communi-
cation topology is always star-shaped and cannot
be transferred to decentralized multi-GPU archi-
tecture commonly used in industrial systems. To
alleviate the resource overhead, previous works
have employed compression techniques, which are
mainly divided into three categories: row-based
compression methods (e.g., hashing) (Zhang et al.,
2020; Shi et al., 2020; Liu et al., 2025; Lai et al.,
2023), column-based compression methods (e.g.,
pruning) (Tran et al., 2025; Zhao et al., 2021; Luo
et al., 2026; Lyu et al., 2022; Zhang et al., 2024),
and value-based compression methods.

This paper falls within the value-based com-
pression category, and is orthogonal to the row
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Figure 2: Overview of MixEmb.

and column-based methods. Among value-based
methods, post-training quantization (PTQ) (Deng
et al., 2021) and quantization-aware training (QAT)
(Zhou et al., 2024; Li et al., 2024; Wang et al., 2025)
cannot essentially reduce in-training resource con-
sumption. Other works (Li et al., 2023; Xu et al.,
2021) directly store parameters using low-precision
formats during training, but they ignore heteroge-
neous embedding importance and adopt identical
compression schemes for all embeddings. Besides,
these methods require frequent CPU-GPU param-
eter movement. The significant I/O overhead still
holds back the training efficiency.

To improve the lookup performance, a natural
solution is to exploit data locality to store the work-
ing parameters in cache. Various caching policies
(Kurniawan et al., 2023; Xie et al., 2022) focus
on improving end-to-end inference performance
rather than training. Other studies (Zhao et al.,
2019, 2020; Wang et al., 2022; Zhang et al., 2022;
Song et al., 2023) are proposed to maintain fre-
quently used embeddings in GPU cache, eliminat-
ing the latency of memory access. Unfortunately,
most caching schemes do not adopt any parame-
ter reduction techniques. The massive embedding
parameters incur exorbitant memory footprint and
communication payload. In a nutshell, existing
works fail to achieve efficient and scalable embed-
ding training under decentralized architecture.

3 Methodology

3.1 Decentralized Training Orchestration

We propose an efficient embedding training frame-
work termed MixEmb, tailored for the unique char-
acteristics of industrial decentralized architecture.
As shown in Figure 2, there are N workers col-
laborating to train in a peer-to-peer manner. Each
worker performs mixed precision quantization and
hierarchical caching at row granularity. Important
embedding vectors reside on GPU HBM with high-

precision to preserve accuracy, while relatively
unimportant embeddings are compressed into low-
precision formats and offloaded to CPU DRAM.

During each iteration t ∈ {0, 1, · · · , T − 1},
each worker n processes the current batch and splits
keys into local and remote keys. Depending on the
application, these keys may correspond to tokens,
semantic IDs, or other categorical features derived
from textual and behavioral inputs. Each worker
retrieves high-precision embeddings indexed by lo-
cal keys from GPU HBM. If a cache miss occurs,
the worker reads low-precision embeddings from
CPU DRAM. For remote embeddings belonging to
other workers, MixEmb fetches quantized param-
eters through collective communication primitive
AllToAll. Then, each worker receives all the em-
bedding representations required by its own batch
and performs forward and backward propagation.
To ensure training consistency, MixEmb utilizes
AllToAll communication to synchronize embed-
ding parameters. Then, each worker will reassess
the importance of updated embeddings based on
training feedback (e.g., gradient norms) and peri-
odically update hierarchical cache status. High-
importance embeddings are retained or promoted
to HBM, while low-importance entries are dumped
to DRAM after precision down conversion.

3.2 Importance Evaluation Metric
The importance of embeddings exhibits a power-
law distribution (Miao et al., 2021), where a small
number of embeddings dominate the training pro-
cess. The uniform embedding optimization ignores
heterogeneous contributions and is unfair to im-
portant embeddings. Specifically, “non-hot” em-
beddings waste limited storage and communication
resources, while “hot” embeddings are forced to
compromise to insufficient information representa-
tion, ultimately resulting in poor recommendation
performance. The skewed importance characteris-
tic gives us the opportunity to develop differenti-
ated schemes and allocate more resources to critical
embeddings. Unlike existing metrics that rely on
single dimensions or static statistics, we design a
new spatio-temporal importance metric, i.e., em-
bedding score, to continuously evaluate individual
embedding vectors using field-normalized access
and gradient statistics.

Spatial Heterogeneity. The intensity of power-
law distributions exhibits heterogeneity within and
across feature fields. The access frequency reflects
the popularity of intra-feature semantic represen-
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tations. These parameters are frequently involved
in model updates and contribute more to model
quality. Moreover, gradient information reflects
the magnitude of parameter updates. Larger gra-
dient values dominate the optimization trajectory
of embeddings and contribute more significantly
to accuracy. Our design needs to consider gradi-
ent information to prevent aggressive quantization
of critical embeddings from causing irreversible
accuracy degradation. To this end, an embedding
vector with higher access frequencies and/or larger
gradient magnitudes indicates greater importance
to training convergence. In addition to intra-feature
embeddings, inter-feature semantic representations
also show heterogeneity in importance. The differ-
ent embedding dimensions and table sizes across
features have an impact on the gradient norms and
average access frequencies. It is misleading to di-
rectly compare the utility values of inter-feature
embeddings (Lai et al., 2023). To ensure fair im-
portance evaluations, each worker assigns a utility
value U t

i for i-th embedding vector vt
i as follows:

µt
i =
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|Bi|
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Gt
i, A

t
i, and Bi denote the L2-norm of gradients,

access frequency, and feature field for vt
i , respec-

tively. A small constant ϵ prevents division by
zero. The rationale behind utility formulation is
twofold. The numerator represents the field relative
importance of embedding vector vt

i compared to
the mean within respective feature contexts, elimi-
nating systematic biases. The denominator reflects
the discriminability of current feature field and off-
sets scale discrepancies (e.g., embedding dimen-
sions and table sizes) through normalization.

Temporal Dynamics. In real-world industrial
scenarios, the popularity of specific feature repre-
sentations changes dynamically as user preferences
shift over time. An embedding vector that initially
contributes to convergence may become less im-
portant as training progresses. If MixEmb cannot
recalibrate the importance of embeddings in real
time, irrelevant embeddings occupy excessive re-
sources and introduce additional noise to training.
However, focusing only on the latest statistics of
embeddings lacks a global perspective. To strike
the trade-off between responsiveness and stability,

we introduce a discount factor λ, which pays more
attention to recent observations while preserving
historical contribution patterns. In summary, the
embedding score Et

i for vector vt
i can be calculated

as:
Et

i = λEt−1
i + U t

i (3)

It should be stressed that the embedding score
plays a crucial role in our framework and demon-
strates an implicit balance between spatial hetero-
geneity and temporal dynamics. The spatial per-
spective quantifies the importance by jointly con-
sidering the underlying logic of quantization and
caching decisions. The utility values are further
modulated to ensure fair comparisons within and
across features. The temporal perspective adds an
exponentially decaying factor to capture the train-
ing dynamics without overreacting to short-term
fluctuations. This dual-perspective evaluation met-
ric effectively distinguishes the embedding vectors
that contribute to training and helps to align re-
source allocation with embedding importance.

3.3 Mixed Precision Quantization
Most compression schemes assign identical quanti-
zation levels to heterogeneous embedding vectors
(Li et al., 2023). Guided by embedding scores,
MixEmb assigns different quantization levels lti
to each vector vt

i and performs mixed precision
quantization. Due to hardware friendliness and
computational efficiency (Li et al., 2023), MixEmb
adopts symmetric quantization and calculates the
scaling factor as:

sti =

∥∥vt
i

∥∥
2l

t
i−1 − 1

(4)

where
∥∥vt

i

∥∥ is the L2-norm of embedding vector
vt
i . For j-th element vt

i(j) in embedding vector
vt
i , the scaled value |vt

i(j)|/sti falls in the interval
[l, l + 1], where l is an integer representing the
quantized grid point. A higher quantization level
lti means a finer-grained grid so that the original
values can be expressed more accurately.

Naively, one can round the scaled value to the
nearest quantized grid point. Although determinis-
tic rounding produces smaller errors in individual
operations, the errors during training are not iso-
lated. From the long-term perspective, intermediate
values become persistently biased toward a certain
direction, deviating the overall expectation from the
true value. In contrast, stochastic strategy can be
interpreted as introducing controlled noise during
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training and statistically maintains the expectation
of original values. To avoid the accumulated bias,
we draw a random number p from a Bernoulli dis-
tribution with parameter |vt

i(j)|/sti−l to determine
whether to round up or down:

rti(j) =

{
l + 1, if p = 1

l, otherwise
(5)

After stochastic rounding, each scaled value can
be encoded by lti − 1 bits. We additionally need
1 bit for the sign and a full-precision number for
the scaling factor sti. Given a d-dimension embed-
ding vector vt

i , the total number of bits to encode
the quantized vector is dlti + 32, which is much
fewer than 32d bits representing the original val-
ues. According to the encoded information, the
compressed values for vt

i(j) is defined as:

Q(vt
i(j)) = rti(j) · sti · sign(vt

i(j)) (6)

where sign(·) = {+1,−1} is the sign of each ele-
ment.

3.4 Quantization and Caching Co-Design
Considering the tightly coupled nature, MixEmb
jointly optimizes mixed precision quantization and
hierarchical caching rather than independent deci-
sions. On the one hand, quantization levels will
be aligned with the storage hierarchy. Accord-
ing to GPU cache size, top-ranked embeddings
identified through embedding scores are allocated
higher quantization levels, while other parame-
ters are limited in bit width. On the other hand,
cache management is driven by quantized training
feedback rather than by cache misses alone. Con-
ventional cache mechanisms perform replacement
policy triggered by cache misses, evicting GPU-
cached embeddings according to certain protocols
(e.g., LRU/LFU) (Yang et al., 2020). However, due
to the integration of quantization, the triggering
time and conditions of cache replacement differ
from prior methods. MixEmb delays replacement
decisions until model updates. Each worker re-
evaluates the utility of embeddings based on quan-
tized representations and then determines cache
location.

Furthermore, MixEmb uses periodic cache up-
dates due to the inherent coupled nature. Since
the quantization level is aligned with the cache lo-
cation, short update interval P implies frequent
adjustments to quantization levels, thereby induc-
ing training noise. Periodic cache updating can

suppress parameter oscillations and enable progres-
sive adaptation to quantization level, thus contribut-
ing to training stability, as empirically validated in
Section 5. Besides, frequently sorting importance
scores of massive embeddings is also computation-
ally intensive, which potentially offsets the gains of
our design. Periodic update mechanism can amor-
tize algorithm overhead across multiple iterations.

4 Convergence Analysis

None of the existing studies provides a unified
convergence analysis on embedding quantization
and caching, which becomes more complicated
under decentralized architecture. MixEmb aims
to minimize the global loss function: f⋆ =

min
w

[
f(w) = 1

N

∑N
n=1 fn(w)

]
, where fn(w) is

loss function of worker n. wt = 1
N

∑N
n=1w

t
n is

logical average model at iteration t and then the
residual error is Rt

n = E
∥∥wt

n −wt
∥∥2. The error

introduced by quantized parameters ŵt
n is defined

by Qt
n = E

∥∥wt
n − ŵt

n

∥∥2.

Theorem 1. Suppose each fn is L-smooth and
the stochastic gradients have bounded variance
σ2. For any learning rate η < 1

2L , we have the
convergence bound:

1

T
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E
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∥∥2 ≤ 2

ηT

(
f(w0)− f⋆
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+
2L2
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Residual Error

+
2L2
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N∑

n=1
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n
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Quantization Error

+2Lησ2

Remark. The residual error Rt
n and quantiza-

tion error Qt
n are related to caching and quantiza-

tion decisions, respectively. We unify them into
a single convergence bound, clarifying their im-
pacts on training. MixEmb enables each worker
to collect the cached parameters via AllToAll over
a complete graph. Due to the sparse nature of
feature embeddings, our design is logically equiva-
lent to each worker maintaining an identical copy
of model parameters, ensuring Rt

n = 0 in a syn-
chronous manner. Moreover, previous literature
has empirically and theoretically proven that the
quantization error Qt

n has an upper bound (Rei-
sizadeh et al., 2019). Ideally, if full-precision em-
beddings are stored and transmitted, Qt

n decreases
to 0. Then, we recover the convergence rate of fully
synchronous training. The complete proof can be
found in Appendix D.
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Dataset Avazu Criteo Industrial
Metric AUC Speedup AUC Speedup AUC Speedup

PaddleBox 0.7523 1.00× 0.8072 1.00× 0.8015 1.00×
UGache 0.7523 1.17× 0.8072 1.20× 0.8015 1.27×
ALPT 0.7520 0.95× 0.8069 1.08× 0.8010 1.12×
MEC 0.7522 0.91× 0.8070 0.97× 0.8011 1.05×

UniEmb 0.7522 1.22× 0.8072 1.29× 0.8013 1.36×
MixEmb 0.7523 1.25× 0.8071 1.37× 0.8013 1.43×

Table 1: Overall training performance.

5 Evaluation

5.1 Experimental Setup

The experimental platform includes 16 NVIDIA
A800 GPUs, 4 Intel Xeon Platinum 8338C CPUs,
and 4TB of host memory. We conduct experi-
ments over three real-world datasets, i.e., Avazu
(ava, 2014), Criteo (kag, 2014), and Industrial. In-
dustrial dataset is sampled from a real-world e-
commerce platform. The embedding dimension is
128 by default. For the Avazu and Criteo datasets,
the default GPU cache size is set to 20% of the total
embedding table size, while that of the Industrial
dataset is 10%. Based on our sensitivity analysis of
preliminary experiments, the cache update interval
P is set to 10, and the discount factor λ is config-
ured as 0.98. We employ two quantization levels
for the embedding vectors, i.e., 16 and 8.

5.2 Baselines

Since MixEmb is designed for decentralized archi-
tecture that mainstream industrial systems adopt,
we exclude PS-based methods whose communica-
tion patterns cannot be transferred to the peer-to-
peer setting. The row-based (e.g., hashing) and
column-based (e.g., pruning) compression meth-
ods are omitted because they are orthogonal to
MixEmb. Under these circumstances, we compare
MixEmb with the following baselines: PaddleBox
(Zhao et al., 2020), UGache (Song et al., 2023),
ALPT (Li et al., 2023), MEC (Wang et al., 2025),
and UniEmb, where UniEmb is a modified version
of MixEmb and its core design is similar except
that all embedding vectors are assigned the uniform
quantization levels.

5.3 Overall Performance

We summarize the final model accuracy and the
average training speed to achieve this accuracy in
Table 1, where MixEmb significantly accelerates
the decentralized training process without compro-
mising accuracy. Firstly, MixEmb consistently at-
tains comparable accuracy to the original model.

(a) Training Efficiency (b) Model Performance

Figure 3: Performance comparison of independent deci-
sions, naive combination and coupled co-design.

(a) Criteo (b) Industrial

Figure 4: Model accuracy under different importance
metrics and quantization levels.

Compared to PaddleBox and UGache, MixEmb
achieves 3.25-3.54× compression ratio and 1.07-
1.43× speedup. Secondly, although ALPT and
MEC may provide a high compression ratio, this
does not translate into actual training speedup. For
example, the training speed of ALPT is only 76-
79% of MixEmb. Moreover, aggressive compres-
sion in these methods inevitably hurts model accu-
racy. Thirdly, compared with UniEmb, MixEmb
further improves the end-to-end training efficiency
by performing fine-grained embedding optimiza-
tion. UniEmb determines the identical quantization
levels for all embeddings regardless of their hetero-
geneous contributions.

5.4 Ablation Study

To indicate the advantages of core components, we
compare the training efficiency and model accuracy
of only cache, only quantization, naive combina-
tion, and our proposed framework. As illustrated
in Figure 3(a), MixEmb always converges faster
than independent and naive methods over three
datasets, and improves the training speed by 1.35×
on average. Figure 3(b) plots the degree of AUC
degradation compared with the original model. We
find that naive combination methods exhibit an ob-
vious decrease in the final model performance. The
above findings empirically confirm that coupled
co-design is necessary and can unleash the poten-
tial of quantization and caching through interactive
decision-making.
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(a) Avazu (b) Industrial

Figure 5: Training efficiency under different scales.

(a) Avazu (b) Criteo

Figure 6: Training performance under different cache
update intervals.

5.5 Effectiveness of Embedding Score

We replace different importance metrics while
keeping other designs unchanged. Figure 4 depicts
the model accuracy under combining various quan-
tization levels. As the precision decreases, all meth-
ods suffer from performance degradation. Never-
theless, MixEmb consistently outperforms other
metrics among different workloads and demon-
strates more pronounced advantages under extreme
quantization. For instance, under the quantiza-
tion levels of 8-4, MixEmb attains the AUC score
of 0.7989 for Industrial, while that of Frequency,
Norm, and Random is only 0.7984, 0.7980, and
0.7977, respectively. These results emphasize the
effectiveness of our proposed importance metric.

5.6 Scalability

We proceed to conduct a scalability study across
different numbers of GPUs. Figure 5 shows that
our proposed framework offers a clear training
speed advantage for varying numbers of GPUs. Fur-
thermore, the performance improvement becomes
increasingly significant when deploying in more
workers. For instance, as the system scale expands,
the training speedup brought by MixEmb rises from
1.43× to 1.55× for Industrial dataset. The expla-
nation for this phenomenon is that GPUs exchange
compressed representations to alleviate the commu-
nication overhead associated with massive embed-
ding vectors. These experimental results indicate
that MixEmb can effectively enhance the efficiency
of decentralized embedding training.

(a) Avazu (b) Criteo

Figure 7: Hit rate and training efficiency under different
GPU cache sizes.

5.7 Cache Update Interval
We conduct experiments to analyze the impact of
cache update interval P on training performance.
As shown in Figure 6, an increased interval can re-
duce the latency of cache update procedure, achiev-
ing up to 2.05× speedup for Avazu and 1.85×
speedup for Criteo. Another interesting observa-
tion is that updating too frequently may lead to
suboptimal convergence performance, while delay-
ing the cache updates even slightly boosts model
accuracy. The underlying reason is that periodic up-
date mechanism adjusts the cache and quantization
status after the importance distribution becomes
stable, which mitigates parameter oscillations.

5.8 Impact of Cache Size
We investigate how MixEmb performs under differ-
ent GPU cache sizes. As depicted in Figure 7, the
hit rate increases from 60.5% to 93.6% with cache
size varying from 5% to 50% for Criteo dataset.
Consequently, we observe that MixEmb provides
up to 1.61× speedup for Avazu and 1.51× speedup
for Criteo. This is because more important embed-
dings can be directly accessed from GPU HBM
without fetching from CPU DRAM, thus reducing
considerable lookup overhead. The marginal ben-
efit diminishes as the GPU cache expands. This
phenomenon aligns with the inherent power-law
distribution of categorical features.

6 Conclusion

We design and implement an embedding training
framework, called MixEmb, tailored for the unique
characteristics of industrial decentralized architec-
ture. We introduce an embedding importance met-
ric considering spatial heterogeneity and temporal
dynamics. Guided by embedding scores, MixEmb
coordinates mixed precision quantization and hier-
archical caching. Extensive experiments suggest
that MixEmb significantly accelerates embedding
training without compromising accuracy.

809



Limitations

While MixEmb delivers substantial efficiency im-
provements for industrial decentralized embedding
training, it remains inherently constrained by syn-
chronous training paradigms with full GPU-GPU
connectivity. Our design does not address the
unique challenges of asynchronous training sce-
narios, where parameter consistency guarantees are
weaker. Future efforts could extend MixEmb to
support these distributed paradigms by adapting
the quantization and caching strategies to toler-
ate partial synchronization. In addition, under a
non-complete graph, remote embeddings would
require multi-hop routing, neighbor-based propaga-
tion, or periodic global synchronization. In these
cases, MixEmb may preserve synchronous seman-
tics but incur additional communication latency,
which varies with specific network topologies.
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A Design Challenges

It is non-trivial to delicately integrate embedding
quantization and caching within a unified decen-
tralized training framework. We need to overcome
the following obstacles.

Challenge #1: How to evaluate the importance
of individual embedding vectors? A natural ques-
tion is what kind of semantic representation is help-
ful for training performance. The importance of
embedding vectors exhibits heterogeneity within
and across features. Intra-feature representations
have skewed access patterns due to different popu-
larity, while inter-feature representations contribute
unequally to model convergence due to different
vector dimensions and table sizes. Besides, the em-
bedding importance evolves dynamically over time.
The metric design must account for heterogene-
ity and dynamics to maintain model performance
(Section 3.2).

Challenge #2: How to address the tightly cou-
pled problem between mixed precision quantiza-
tion and hierarchical caching? The decisions for
embedding quantization and caching are interac-
tive. The quantization levels need to align with
the cache hierarchy of embeddings, and the cache
replacement policy requires adaptive adjustments
based on compressed representations. Independent
decisions or naive combinations of existing meth-
ods fail to coordinate resource utilization between
two components. To cope with the tightly coupled
problem, we need to jointly optimize quantization
and caching decisions, which imposes additional
difficulties to framework design (Section 3.4).

Challenge #3: Does embedding training
still converge after integrating quantization and
caching under decentralized architecture? None
of existing studies investigates the quantitative rela-
tionship among embedding compression, caching,
and training performance. It remains unclear how
quantization and caching strategies affect the final
convergence. The complexity is further amplified
when training sparse models across multiple work-
ers in a decentralized manner (Section 4).

B Pseudo Code of MixEmb

The training process of MixEmb is presented in
Algorithm 1.

C Baselines

We compare MixEmb against five baselines. For a
fair comparison, all baselines are implemented on
the same platform as MixEmb.

• PaddleBox (Zhao et al., 2020) is a hierarchi-
cal training framework, which leverages ex-
cellent computing and communication capa-
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Algorithm 1: Training Process of MixEmb

1 for Each iteration t = 0, 1, ..., T − 1 do
2 for Each worker n = 1, 2, ..., N do
3 Sample a batch of data from local

dataset Dn;
4 Split into local and remote keys;
5 Pull local quantized embeddings

from hierarchical cache;
6 Pull remote quantized embeddings

from other workers;
7 Model forward and backward

propagation;
8 Synchronize parameters with

AllToAll;
9 Update the embedding score

Et
i = λEt−1

i + U t
i ;

10 if t mod P = 0 then
11 Update cache status by sorting

Et
i ;

12 Perform cache replacement;
13 Mixed precision quantization

based on cache hierarchy;

14 else
15 Write back to L1/L2 cache

based on status of t− 1;

bilities of modern GPUs to enable large-scale
embedding training.

• UGache (Song et al., 2023) provides a unified
multi-GPU cache mechanism that efficiently
utilizes high-speed interconnects to accelerate
memory accesses.

• ALPT (Li et al., 2023) is an adaptive
low-precision training method designed to
compress embedding tables during training,
thereby achieving a trade-off between model
accuracy and overhead.

• MEC (Wang et al., 2025) is a model-
agnostic embedding compression framework
that adopts popularity-weighted regularization
and contrastive learning to improve the quality
of quantized codes.

• UniEmb is a modified version of MixEmb,
and its core design is similar except for quan-
tization strategy. All embedding vectors are
assigned the uniform quantization levels to
enhance efficiency.

D Proof of Theorem 1

Local loss function is fn(w) = Eξ∼DnFn(w; ξ)
where ξ denotes training samples from local
dataset Dn. Each function fn is L-smooth, i.e.,
∥∇fn(x)−∇fn(y)∥ ≤ L ∥x− y∥ ,∀n,∀x, ∀y.
The stochastic gradients have bounded variance,
i.e., E ∥∇Fn(x; ξ)−∇fn(x)∥2 ≤ σ2, ∀n, ∀x.
These assumptions hold for typical models and
are widely used in previous studies (Chen et al.,
2024). For the sake of presentation, we introduce
the following notations:

Ŵt = [ŵt
1, ŵ

t
2, · · · , ŵt

N ]

∇F (Ŵt) =
1

N

N∑

n=1

∇Fn(ŵ
t
n; ξ

t
n)

∇f(Ŵt) =
1

N

N∑

n=1

∇fn(ŵ
t
n)

∇f(wt) =
1

N

N∑

n=1

∇fn(w
t)

Due to the smoothness of the loss function, we
have:

Ef(wt+1)

≤Ef(wt) + E⟨∇f(wt),−η∇F (Ŵt)⟩

+
L

2
E
∥∥∥−η∇F (Ŵt)

∥∥∥
2

=Ef(wt)− ηE⟨∇f(wt),∇f(Ŵt)⟩

+
Lη2

2
E
∥∥∥∇F (Ŵt)−∇f(Ŵt) +∇f(Ŵt)

∥∥∥
2

≤Ef(wt)− ηE⟨∇f(wt),∇f(Ŵt)⟩

+ Lη2E
∥∥∥∇F (Ŵt)−∇f(Ŵt)

∥∥∥
2

+ Lη2E
∥∥∥∇f(Ŵt)

∥∥∥
2

=Ef(wt)− ηE⟨∇f(wt),∇f(Ŵt)⟩+ Lη2E
∥∥∥∇f(Ŵt)
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2

+
Lη2

N2
E
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N∑
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(
∇Fn(ŵ

t
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t
n)−∇fn(ŵ

t
n)
)
∥∥∥∥∥

2

≤Ef(wt)− ηE⟨∇f(wt),∇f(Ŵt)⟩+ Lη2E
∥∥∥∇f(Ŵt)

∥∥∥
2

+
Lη2

N
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∥∥∇Fn(ŵ

t
n; ξ
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2
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2

+
η
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E
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∥∥∥
2
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∥∥∥
2
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N
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E
∥∥∇Fn(ŵ

t
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t
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t
n)
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≤Ef(wt)− η

2
E
∥∥∇f(wt)
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2
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2

+
η

2
E
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2

+ Lη2σ2 (7)
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Then, we give the bound of the term

E
∥∥∥∇f(wt)−∇f(Ŵt)

∥∥∥
2
:

E
∥∥∥∇f(wt)−∇f(Ŵt)

∥∥∥
2

=
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∥∥∥∥∥
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∇fn(w
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t
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N

N∑

n=1

E
∥∥wt − ŵt
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N
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n

)
(8)

By substituting Eq. (8) into Eq. (7), we obtain:

Ef(wt+1)

≤Ef(wt)− η

2
E
∥∥∇f(wt)

∥∥2 − η

2
(1− 2ηL)E

∥∥∥∇f(Ŵt)
∥∥∥
2

+
ηL2

N

N∑

n=1

(
Rt

n +Qt
n

)
+ Lη2σ2 (9)

Arranging the above inequality, we have:

E
∥∥∇f(wt)

∥∥2

≤2

η

(
Ef(wt)− Ef(wt+1)

)
− (1− 2ηL)E

∥∥∥∇f(Ŵt)
∥∥∥
2

+
2L2

N

N∑

n=1

(
Rt

n +Qt
n

)
+ 2Lησ2 (10)

If the learning rate η < 1
2L , summing over

t ∈ {0, 1, · · · , T − 1} and averaging on both sides
yield:

1

T

T−1∑

t=0

E
∥∥∇f(wt)

∥∥2

≤ 2

ηT

(
f(w0)− f(wT )

)
− 1− 2ηL

T

T−1∑

t=0

E
∥∥∥∇f(Ŵt)

∥∥∥
2

+
2L2

NT

T−1∑

t=0

N∑

n=1

(
Rt

n +Qt
n

)
+ 2Lησ2

≤ 2

ηT

(
f(w0)− f⋆)+ 2Lησ2

+
2L2

NT

T−1∑

t=0

N∑

n=1

Rt
n

︸ ︷︷ ︸
Residual Error

+
2L2

NT

T−1∑

t=0

N∑

n=1

Qt
n

︸ ︷︷ ︸
Quantization Error

(11)
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