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Abstract
Recommender systems are widely applied in numerous online platforms such as shopping and social media platforms. 
They typically utilize large embedding tables that map users and items to dense vectors of uniform sizes. As the number of 
users and items continues to grow, this design leads to significant memory consumption and computational inefficiencies. 
This challenge is particularly pronounced in scenarios such as federated learning, where model parameters are updated 
locally on edge devices with limited computational resources before being transmitted to a central server for aggrega-
tion. Numerous approaches have been proposed to address this issue, among which embedding pruning methods have 
emerged as a compelling solution. Compared to parameter-sharing and variable-size embedding techniques, embedding 
pruning methods offer lower training costs and leverage sparse embeddings for improved efficiency. Notably, embedding 
pruning methods based on the Dynamic Sparse Training (DST) paradigm maintain consistent sparsity throughout train-
ing and provide a controllable memory budget, establishing them as state-of-the-art lightweight embedding solutions for 
resource-constrained environments. However, embedding pruning methods are not without limitations. First, despite the 
use of sparse embeddings during forward passes, dense gradients are still computed in backward passes, introducing inef-
ficiencies. Second, DST’s weight exploration mechanism tends to prioritize users or items from the most recent batch, 
reactivating pruned parameters that do not necessarily enhance overall performance. In this work, we introduce SparseRec, 
a lightweight embedding method designed to overcome these obstacles. SparseRec accumulates gradients to better identify 
inactive parameters that, when reactivated, contribute more meaningfully to model performance. Additionally, SparseRec 
avoids dense gradient computation during backpropagation by selectively sampling key vectors. Gradients are calculated 
only for parameters in this subset, ensuring sparsity throughout both forward and backward passes. Experiments on three 
benchmark datasets show that SparseRec achieves up to 11.79% performance gains across three base recommenders and 
multiple density configurations, highlighting its effectiveness in optimizing memory-constrained recommendation systems.
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Sparse Gradient Training for Recommender Systems

1  Introduction

Recommender systems are extensively utilized across a 
variety of online platforms, including e-commerce web-
sites and social media networks. Typically, recommender 
systems are deployed on cloud servers and learn user/item 
embeddings of fixed and uniform sizes based on user-item 
interactions. These embeddings are subsequently utilized 
to predict users’ preferred items by computing similarity 
scores between user and item embeddings. However, as the 
number of users and items increases, this cloud-based archi-
tecture encounters significant limitations, including privacy 
risks, high resource consumption and increased latency 
[1–3].

In light of these limitations, there is an increasing demand 
for deploying recommender systems directly on edge 
devices, such as mobile phones. This shift has motivated on-
device recommender systems, which primarily focus on the 
efficient deployment and updating of lightweight embed-
ding tables on resource-constrained devices.

Automated machine learning (AutoML) reduces human 
effort in model development by automating feature selec-
tion, hyperparameter tuning, and architecture search. Its 
goal is to streamline model design while improving effi-
ciency, which is particularly relevant in large-scale and 
resource-constrained settings [4–8]. In recommender sys-
tems, lightweight embedding techniques can be viewed as 
domain-specific applications of AutoML, aiming to dis-
cover efficient parameterizations under strict memory con-
straints. Building on this connection, research in lightweight 
embeddings can be grouped into three main approaches: 
(1) parameter-sharing methods [9–12], (2) variable-size 
embedding methods [13–15], and (3) embedding-pruning 
methods [16–18].

Parameter-sharing methods reduce memory usage by 
enabling different users and items to share embedding 
parameters. However, these approaches still utilize dense 
embeddings during forward passes, which restricts the 
memory efficiency at inference time. Additionally, high-fre-
quency users/items typically necessitate larger embedding 
sizes, whereas low-frequency users/items require smaller 
embedding sizes. Dense embeddings employ uniform 

embedding sizes across all entities, which may result in 
overfitting for high-frequency users/items and underfitting 
for low-frequency users/items [4, 5].

Variable-size embedding methods assign different 
dimensions to users and items based on frequency and con-
textual information, often utilizing AutoML techniques [5], 
but they typically require iterative model training to query 
the model performance and thus result in long training time.

In contrast, embedding-pruning methods enforce sparsity 
in the dense embedding table by setting certain parameters 
to zero, ensuring reduced memory usage while maintaining 
performance. These methods offer two key advantages over 
parameter-sharing and variable-size embedding approaches. 
First, unlike parameter-sharing methods, embedding prun-
ing operates directly on sparse embeddings during forward 
passes, thereby reducing memory costs during inference. 
Table 1 presents the memory usage to store user/item 
embeddings for various lightweight embedding methods on 
the Gowalla1 dataset, measured in bytes, during inference 
time. The results demonstrate that embedding pruning and 
variable-size methods employing sparse embeddings during 
inference significantly reduce memory overhead compared 
to parameter-sharing approaches that utilize dense embed-
dings. Second, in contrast to variable-size embedding meth-
ods, embedding pruning does not require iterative training 
for performance evaluation, thus reducing overall training 
time. This efficiency is particularly essential in scenarios 
such as federated learning, where training is distributed 
across multiple resource-constrained devices, and frequent 
communication with a central server can significantly 
increase both computational and communication overhead. 
Furthermore, embedding-pruning methods (e.g., DSL [17]) 
based on the Dynamic Sparse Training (DST) paradigm 
also provide the benefits of maintaining consistent sparsity 
throughout training and controllable memory budget, estab-
lishing them as the favored state-of-the-art approach for 
lightweight recommendation.

Embedding-pruning methods, despite producing sparse 
embeddings, rely on dense gradients during the backward 
pass, which results in a dense gradient table throughout the 
training process. This dense computation undermines the 
efficiency gains promised by embedding sparsity and slows 
down on-device updates. Moreover, the DST paradigm 
adopted by recent embedding-pruning methods introduces 
additional challenges. First, traditional DST initializes the 
mask matrices, which is used to prune parameters, with ran-
dom uniform initialization. This strategy randomly removes 
a certain number of embedding parameters to conform to 
a predefined density ratio. Various studies [20, 21] have 
shown that this initialization strategy leads to suboptimal 

1  https:/​/snap.s​tanford​.edu/​data/loc-Gowalla.html

Table 1  Inference-time memory usage (in bytes) of lightweight 
embedding methods on the Gowalla dataset, with full embedding size 
set to 128 (float32 storage). The density ratio indicates the proportion 
of active parameters relative to the full embedding size
Density Embedding-Pruning Variable-Size Parameter-

Sharing
PEP [16]/DSL [17] CIESS [14]/

BET [19]
CERP [9]/
DHE [11]

0.25 18,135,300 18,135,300 36,269,568
0.125 9,067,908 9,067,908 36,269,568
0.0625 4,534,212 4,534,212 36,269,568
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post-training performance because it creates unstructured 
and inefficient connections. Alternatives like Erdos-Renyl 
initialization, which generates layer-wise sparse masks in 
DNNs and CNNs [21, 22] based on the input and output size 
of each layer and is equivalent to random uniform initial-
ization on embedding tables. Gradient-based initialization 
strategies employ dense gradients as importance scores to 
prune parameters [23–25], increasing computational over-
head and negating the efficiency benefits of DST.

Second, although traditional DST reactivates a por-
tion of parameters and has proven effective in CNNs and 
DNNs, it performs suboptimally in recommender systems 
due to their unique challenges, where each training sample 
(i.e., user–item interaction) only updates the correspond-
ing embeddings, resulting in limited parameter updates. 
Specifically, in CNNs and DNNs, parameters are tightly 
coupled: a single sample can influence a substantial subset 
of the network parameters through the interconnected lay-
ers, which are reused across all samples. For example, in a 
fully connected DNN, every neuron in one layer connects to 
all neurons in the next layer, so the forward and backward 
passes of a single sample generate gradients for nearly all 
weights in the model. Consequently, reactivating pruned 
weights based on large-magnitude gradients from the cur-
rent batch can still improve global feature representations. 
In contrast, embedding tables in recommender systems con-
sist of independent vectors, each corresponding to a specific 
user or item. For instance, when training on a user–item 
interaction, only the embeddings of that particular user 
and item are involved in computation and receive gradi-
ent updates, while all other embeddings remain unchanged. 
As a result, large-magnitude gradients are primarily asso-
ciated with the sampled entities within the current batch, 
providing limited benefit to the overall model performance. 
In summary, despite improving training time and memory 
efficiency, embedding-pruning methods face three critical 
challenges: (1) ineffective sparse initialization, (2) subop-
timal regrowth strategies, and (3) use of dense gradients. 
These issues limit their potential for broader applicability 
and performance optimization.

To overcome the aforementioned challenges, we propose 
SparseRec, a lightweight embedding method that enables 
sparse gradients and improves the efficiency of embedding 
pruning within the DST paradigm. First, SparseRec resolves 
the limitations of the DST paradigm. Specifically, it initial-
izes the mask matrix with Nonnegative Matrix Factorization 
(NMF). NMF can be configured to generate sparse repre-
sentations for users/items, where unimportant parameters 
tend to be zero and important parameters tend to remain 
nonzero. Via binarization, we get mask matrices containing 
only 0 s and 1 s for each parameter. The NMF output mask 
matrices can easily be configured to be sparse. Contrary to 

random uniform initialization, this data-driven method ini-
tializes the mask matrices to a local optimum, effectively 
addressing (1).

Secondly, SparseRec accumulates gradients over several 
consecutive batches to regrow inactive embedding param-
eters. This simple yet effective strategy reuses the gradi-
ents and avoids the need to compute additional importance 
scores. Compared to instantaneous gradients from a single 
batch, cumulative gradients can better identify inactive 
parameters that can significantly improve model perfor-
mance after activation, tackling (2).

Thirdly, SparseRec utilizes sparse gradients, which 
directly addresses (3). Heddes et al. proposed GSE [26] to 
achieve sparse gradients on multilayer CNNs and DNNs 
by sampling and reactivating inactive parameters likely to 
have large gradients. However, it estimates the magnitudes 
of the gradient through the input activations of previous 
layers and is thus not applicable to embedding tables with-
out input activations. Inspired by this, we propose a more 
efficient alternative: sampling embedding vectors based on 
their associated user/item frequency and computing sparse 
gradients exclusively for parameters within this subset. 
This frequency-based sampling strategy is computationally 
efficient, as probabilities are computed only once, avoid-
ing iterative probability updates, and the storage overhead 
for one score per row is negligible. This method ensures 
that sparsity is maintained for both forward and backward 
passes. By calculating probabilities only for each user/item 
and using sparse gradients, SparseRec significantly reduces 
memory usage while preserving sparsity throughout the 
training phase. In short, the contributions of our paper can 
be outlined as follows:

	● We introduce a novel NMF-based mask matrix initial-
ization method specially designed for DST operating on 
GNN-based recommenders.

	● We empirically demonstrate that the regrowth strategy 
using instantaneous gradients fails to allocate sufficient 
parameters to important users/items and propose a novel 
regrowth strategy to address this issue.

	● To our knowledge, we are the first to address the prob-
lem of dense gradients in recommender systems. We 
present a sparse gradient technique that samples a subset 
of embedding vectors and evaluates gradients only for 
parameters in this subset.

	● We combine SparseRec with three base recommend-
ers and conduct empirical evaluations on three datasets. 
Comparing its performance with various state-of-the-art 
lightweight embedding algorithms affirms its efficacy 
for GNN-based recommenders.
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sparsity throughout training, sparse training methods have 
been proposed, including static sparse training (SST) [23–
25] and dynamic sparse training (DST) [17, 21, 59]. SST 
prunes the dense network at initialization prior to training 
while DST iteratively explores weights during training by 
pruning old weights and activate new ones. SST can be 
seen as the initialization step in DST. Our proposed method, 
SparseRec, can be classified as a DST method.

3  Preliminary

This section outlines the general framework of DST when 
it is applied to recommender models as in [59]. Let U and 
V denote the user and item embedding table, respectively. 
They can be stacked together to form the overall embedding 
table E = [U; V]. We first initialize the binary mask matrix 
M = [MU ; MV ], which can be split into a user part MU  and 
an item part MV . We will delve into the step of mask matrix 
initialization in Sect. 4.1. The embedding table can thus be 
sparsified by E ◦ M, where ◦ denotes element-wise multi-
plication. The density ratio d of the embedding table can be 
expressed as

d = ∥M∥0

(m + n)s
,� (1)

where m is the number of users, n is the number of items, s 
is the maximal embedding size and ∥ · ∥0 is the number of 
nonzero elements.

Once training begins, DST periodically performs weight 
exploration that follows a prune-regrow schedule every ∆T  
training steps. At the t-th step, we first calculate the mean 
weight magnitude of each user/item embedding table and 
normalize it with the mean weight magnitude of the entire 
embedding table:

µU =
∑m

i=1
∑s

j=1 |Uij |
∑m+n

i=1
∑s

j=1 |Eij |

µV =
∑m

i=1
∑s

j=1 |Vij |
∑m+n

i=1
∑s

j=1 |Eij |

� (2)

where | · | is the element-wise absolute value operation and 
subscript ij denotes the (i,  j)-th element of a matrix. Note 
that µU  and µV  can be seen as the contribution of each user/
item embedding table to the overall mean weight magnitude.

Then we enter the pruning stage at the t-th step, when 
a proportion (with pruning rate ρt) of active parameters in 
each user/item embedding table with the smallest magni-
tudes are pruned:

2  Related Works

2.1  Deep Recommender Systems

Researchers have proposed various deep recommender 
models to capture user-item relationships [27]. The initial 
developments in deep recommender systems are based on 
Matrix Factorization (MF) [28–30], which aims to decom-
pose the user-item interaction matrix to derive latent user and 
item embeddings. He et al. [31] advanced this approach by 
integrating Matrix Factorization with an MLP and proposed 
NCF. Beyond MF-based techniques, there has been explora-
tion into GNN architectures [32–34]. For example, NGCF 
[32] extends NCF by incorporating graph convolution net-
works to model user-item interactions. LightGCN [33] fur-
ther refines NGCF by removing self-connections, feature 
transformations, and linear activation functions. LightGCN 
is further enhanced by UltraGCN [34] and MGDCF [35]. 
In this paper, we focus on sparsifying the embedding table 
of GNN-based models because they outperform MF models 
such as NCF. Apart from user-item interactions, other data 
types such as location [36–38], activity level [39], text [40, 
41], images [42], videos [43], user feedback transitions [44, 
45] and social networks [46] have also been utilized.

2.2  Lightweight Embedding Methods

The pursuit of computational efficiency is a common theme 
in modern data-intensive applications, such as blockchain-
enabled IoT systems where secure and lightweight opera-
tions are paramount [47–49]. To address these limitations 
in recommender systems, a variety of lightweight embed-
ding methods have been developed to reduce memory con-
sumption without significantly sacrificing model quality. 
For instance, parameter-sharing methods [9–12] improve 
memory efficiency by reusing embedding parameters across 
multiple users or items, typically through hashing tech-
niques or compositional embeddings. Variable-size methods 
[13–15], on the other hand, dynamically adjust the embed-
ding size for each user or item based on importance or usage 
frequency.

Embedding pruning remove weights based on some 
pruning criteria such as weight magnitudes [50–52], Taylor 
expansion [53], derivatives [54–56]. Liu et al. [16] proposed 
to learn the pruning threshold for each parameter in an end-
to-end differentiable manner. Frankle et al. [57] introduced 
the lottery ticket hypothesis, stating a sparse sub-network 
can match the performance of the larger, randomly-initial-
ized dense network when it is trained in isolation. To find 
such as sub-network, Han et al. [58] proposed a train-prune-
retrain paradigm that trains a dense network, prunes it and 
retrains it. In an effort to avoid dense training and preserve 
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gradient-based regrowth criterion which we will shed light 
on in Sects. 4.2 and 4.3. Newly activated parameters are ini-
tialized to zeros so they will not affect the output of the base 
recommender. The number of parameters to be activated in 
the user/item embedding table is the total number of pruned 
parameters times their respective magnitude contribution, 
namely:

card(GU ) = µU
(
card(PU ) + card(PV )

)

card(GV ) = µV
(
card(PU ) + card(PV )

)
,
� (5)

where GU  and GV  denote the regrowth sets containing the 
inactive parameters to be activated in the user and item 
embedding tables. Table 2 summarizes key notations.

4  Methodology

In short, SparseRec initializes a binary mask matrix using 
NMF to create a sparse embedding table. During training, 
it alternates between forward and backward passes, where 
the mask matrices enforce sparsity in embeddings. Sparse 
gradients are computed only for a sampled subset of param-
eters, significantly reducing memory usage and computa-
tional overhead. Every few iterations, SparseRec performs 
weight exploration by pruning parameters with the smallest 
magnitudes and regrowing parameters based on cumulative 
gradients over recent steps, overcoming the shortcomings 
of the traditional regrowth method that relies on instanta-
neous gradients. The pseudo code of SparseRec is provided 
by Algorithm 1 and a toy example of the sparse initialization 
and weight exploration process is given by Fig. 1.

4.1  Initialization of Mask Matrices

Modern recommender systems are predominantly embed-
ding-based, where user and item identifiers are mapped 
to dense vector representations stored in large embedding 
tables. These tables account for the vast majority of model 
parameters [6, 9–11, 13] and thus largely determine the 
model’s memory footprint and training efficiency. Regard-
less of architectural differences, whether matrix factoriza-
tion (e.g., NCF [31]) or graph-based models (e.g., LightGCN 
[33], MGDCF [35]), the core computation remains centered 
around user–item embeddings and their interactions. Among 
them, GNN-based models have emerged as state-of-the-art 
systems for capturing high-order user–item interactions.

Given the dominant role of embedding tables in both 
model capacity and computational cost, recent research has 
explored embedding pruning techniques to reduce redun-
dancy while preserving performance. The effectiveness of 

PU
t = top-k(|U|, ρt∥MU ∥0)

PV
t = top-k(|V|, ρt∥MV ∥0),

� (3)

where PU
t  (or PV

t ) denote the set of active parameters to 
be pruned in the user and item embedding tables at the t-
th step. Note that PU  and PV  are updated periodically 
during training, but we omit its subscript t henceforth for 
simplicity. We also omit this subscript for other variables 
if there is no ambiguity. After the pruning stage, a total of 
card(PU ) + card(PV ) parameters are pruned. card(·) 
denotes the cardinality of a set. We can remove elements in 
P = PU ∪ PV  from E by setting their corresponding mask 
in M to zeros and performing element-wise multiplication.

Cosine annealing is applied to the pruning rate. Let ρ0 
denote the initial pruning rate and Tend denote the total 
number of training epochs, the pruning rate at the t-th step 
can be expressed as:

ρt = ρ0

2

(
1 + cos( πt

Tend
)
)

� (4)

Following the pruning stage is the regrowth stage, 
when inactive parameters are reactivated according to a 

Table 2  Summary of key notations
Symbol Description
U, V User and item embedding tables

R
Adjacency matrix

E Overall embedding table, E = [U ; V ]
M Binary mask matrix indicating active parameters

MU , MV
Mask matrices for user and item embeddings

◦ Element-wise multiplication
s Full embedding size
m, n Number of users and items
d Embedding table density ratio

∥M∥0
Number of non-zero elements in M

ρt
Pruning rate at step t

∆T
Weight exploration interval

PU , PV
Sets of parameters to be pruned from U and V

GU , GV
Sets of parameters to be reactivated in U and V

µU , µV
Mean magnitude contribution of user and item tables

∇L
Gradient of the loss function L

∇A∪SL
Sparse gradient w.r.t. active and sampled parameters

SU , SV
Sampled user and item embedding vectors

pU , pV
Sampling probabilities for users and items

fU , fV
User and item frequencies

ω Sampling ratio for gradient estimation

CU , CV
Cumulative gradient matrices for U and V

A Set of currently active parameters
P Set of pruned parameters
G Set of reactivated parameters

Tend
Total number of training epochs

η Learning rate
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likely to be 0s. In contrast to random uniform initialization, 
this data-driven approach can initializes the mask matrix 
to a local optimum. Concretely, we factorize the adjacency 
matrix R ∈ Rm×n into W ∈ Rm×s and H ∈ Rn×s such 
that R ≈ WHT . By binarizing W and H, we obtain MU  and 
MV :

MU
ij =

{
1 if Wij ̸= 0
0 otherwise

MV
ij =

{
1 if Hij ̸= 0
0 otherwise

� (6)

If the resultant density exceeds the desired level, we prune 
the weights with the smallest magnitudes in W or H. Con-
versely, if the density falls short of the target, we enter a 
regrowth stage after the first epoch and activate enough 
parameters to reach the target density. Additionally, it is 
worth noting that the proposed mask matrix initialization 
approach only initializes M. The non-zero parameters of the 
embedding table E are still initialized randomly.

4.2  Sparse Gradients

Following the initialization of mask matrices, the train-
ing stage commences, comprising forward and backward 
passes. During forward passes, sparse user and item embed-
dings are calculated to generate predictions and the mask 
matrices enforce embedding sparsity. In backward passes, 
SparseRec computes sparse gradients exclusively for the 

such pruning is highly sensitive to how the binary mask 
matrix is initialized, as it determines which embedding 
parameters are retained or removed. A widely used method 
to initialize the mask matrix is random uniform initializa-
tion, which constructs the binary mask matrix (used for 
pruning) by randomly setting a fixed proportion of embed-
ding parameters to zero to achieve the target sparsity. Prior 
studies [20, 21] have shown that such randomness pro-
duces unstructured and inefficient connections in the sparse 
embedding table, ultimately impeding post-training perfor-
mance. Moreover, random uniform initialization ignores 
both the interaction frequencies and the structural proper-
ties of the user–item graph, treating all entities as equally 
important.

Alternative initialization strategies have been proposed 
in other domains–for example, Erdos–Rényi initialization 
in CNNs and DNNs [20, 23]–but these methods are not 
directly applicable to recommender systems, where the pri-
mary goal is to prune embedding tables rather than dense 
convolutional layers. Gradient-based methods can provide 
more informed initialization [23–25], but they introduce 
significant computational overhead due to their reliance on 
dense gradients.

To tackle this challenge, we propose to use NMF to derive 
the binary mask matrix M. Matrix Factorization (MF) has 
been commonly used as recommender systems [28–30]. 
Unlike other MF methods, NMF receives the sparse adja-
cency matrix as input and can be configured to produce 
sparse representations for users and items, where important 
parameters are likely to be 1 s and unimportant ones are 
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Fig. 1  A toy example of SparseRec. It is important to note that an equal number of parameters must be pruned and reactivated during the pruning 
and regrowth stages to ensure the parameter budget remains consistent
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where ∇A∪SL is the sparse gradients w.r.t. A ∪ S, ∇L is 
the dense gradients and L is the loss function:

L = LBP R + ∥E ◦ M∥2� (10)

4.3  Parameter Regrowth by Cumulative Gradients

Upon entering the regrowth stage at step t, traditional 
DST uses instantaneous gradients at the t-th batch to assist 
parameter activation. Consequently, when they are applied 
to recommender systems, users/items sampled in the t-th 
batch, which do not necessarily contribute to the model per-
formance a lot, enjoy more parameter activation. To reac-
tivate parameters for the users/items that truly matter, we 
accumulate the sparse gradients w.r.t. the parameters in S 
from the (t − ∆T )-th to the t-th step and store the cumula-
tive gradients in CU  and CV :

CU =
t∑

i=t−∆T

(∇SU L)i

CV =
t∑

i=t−∆T

(∇SV L)i

� (11)

In the pruning stage, a total number of card(P) parameters 
are pruned. Therefore, to maintain target density, we need 
to regrow the same number of parameters in the regrowth 
stage. We use the mean magnitude contribution to redistrib-
ute parameters across the user and item embedding tables by 
activating µUcard(P) parameters from the user embedding 
table and µV card(P) parameters from the item embedding 
table with the greatest cumulative gradient magnitudes:

GU = top-k
(

|CU |, µUcard(P)ρ
)

GV = top-k
(

|CV |, µV card, (P)ρ
)� (12)

where ρ is the pruning rate. Upon completion of the regrowth 
stage, CU  and CV  are re-initialized to zero matrices.

It is important to note that P , S, A, and G are imple-
mented as binary matrices instead of actual hash sets to 
conserve memory. As a result, all set operations can be 
efficiently performed using logical bit-wise operators. The 
whole weight exploration schedule is depicted by Venn dia-
grams in Fig. 2.

selected embedding parameters, ensuring computational 
efficiency and reduced memory usage.

Since the gradients for inactive parameters are not neces-
sarily zero, they need to be computed for both active and 
inactive parameters in the regrowth stage. To avoid dense 
gradients, we compute gradients for the active parameters 
plus a subset of inactive parameters that are predicted to 
be important to performance improvement. Previous stud-
ies [13, 16] have shown that frequently occurring users/
items often require larger embedding sizes. Leveraging 
this insight, we sample a portion (with sampling ratio ω) 
of embedding vectors without replacement from the user 
and item embedding tables based on user/item frequencies. 
This approach incurs minimal computational and storage 
overhead, as sampling probabilities are computed once and 
then stored for subsequent use. Consequently, vectors asso-
ciated with more frequently occurring users/items are more 
likely to be sampled. The sampling process can be viewed 
as selecting ωm/ωn elements from a multinomial probabil-
ity distribution with probabilities pU /pV :

SU = Multinomial(pU , ωm)
SV = Multinomial(pV , ωn),

� (7)

where SU  and SV  are the sets of embeddings vectors sam-
pled from the user and item embedding tables. The prob-
abilities can be calculated as:

pU = Softmax(fU )
pV = Softmax(fV ),

� (8)

where fU  and fV  are the user and item frequencies. Nota-
bly, the stochastic nature of the sampling strategy, combined 
with the Softmax function for smoothing probabilities, 
ensures that infrequent yet critical users/items are ade-
quately considered. Unlike a deterministic heuristic-based 
strategy that prioritizes frequent users/items, our stochastic 
approach promotes a more balanced activation. Let AU  and 
AV  denote the active parameters from the user and item 
embedding table. Define A = AU ∪ AV  as the set of active 
parameters in both tables. We only need to compute gradi-
ents w.r.t. the parameters in the union of active parameters 
and the sampled set:

∇A∪SLij =
{

∇Lij if ij ∈ A ∪ S
0 otherwise � (9)
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4.4  Memory Complexity Analysis

To assess the efficiency of SparseRec, this subsection 
analyzes its memory complexity across the main training 
components, including mask initialization and the weight 
exploration process.

4.4.1  NMF-based Mask Matrix Initialization

Mask matrix initialization precedes the weight exploration 
process. In this subsection, we provide a detailed analysis 
of the memory complexity of two mask matrix initialization 
approaches: random uniform initialization and our novel 
NMF-based initialization.

The adjacency matrix R ∈ Rm×n is highly sparse and 
typically stored in compressed formats such as Compressed 
Sparse Row or Compressed Sparse Column. The memory 
requirement for this storage is O(nnz(R)), where nnz(·) is 
the number of nonzero elements.

In random initialization, the embedding tables are first 
populated with dense weights, which are then sorted and 
pruned to meet the target sparsity. This requires O(mk + nk) 

Algorithm 1  SparseRec

Fig. 2  Venn diagrams illustrating the relationship between A, S, G 
and P  in different stages of weight exploration. A (red) denotes active 
parameters; G (blue) denotes the parameters to be activated, S (dotted) 
denotes the sampled parameters, and the white area denotes inactive 
parameters. G is mutually exclusive with A but not necessarily with P . 
S and A are not necessarily not exclusive because active parameters in 
S will be filtered out when inactive parameters are reactivated
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Therefore, SparseRec uses less memory than conventional 
DST methods such as DSL when ω ≤ 1−d

2 .
The memory usage of PEP is dominated by a dense 

embedding table, the dense gradients and a dense table stor-
ing the pruning thresholds, resulting in a total of 3s(m + n) 
parameters, which is higher than SparseRec and DSL. In 
summary, the space complexity for SparseRec, DSL and 
PEP are O

(
(2d + 2ω)s(m + n)

)
, O

(
(d + 1)s(m + n)

)
 

and O
(

3s(m + n)
)

, respectively.

5  Experiments

In this section, we aim to answer the following research 
questions:

	● RQ1: How does SparseRec perform compared to other 
state-of-the-art lightweight embedding methods?

	● RQ2: Can NMF-based sparse initialization improve the 
performance of SparseRec?

	● RQ3: Can parameter regrowth by cumulative gradients 
improve the performance of SparseRec?

	● RQ4: Is there any correlation between the user/item fre-
quency and embedding size?

	● RQ5: Can SparseRec handle cases where infrequent but 
critical users/items?

5.1  Experimental Setup

5.1.1  Datasets

Each lightweight embedding method is evaluated on the 
user rating/check-in data from three datasets: Gowalla2, 
Yelp20183 and Movielens 10M4 as in [32, 33, 35], all of 
which are commonly used in lightweight embedding 
research [9, 10, 14, 15, 19]. The Gowalla dataset comprises 
1,027,370 interactions involving 29,858 users and 40,981 
items and the Yelp dataset contains 1,561,406 interactions 
among 31,668 users and 38,048 items. 10-core processing 
is applied on the Movielens 10M dataset and the processed 
Movielens 10M dataset has 9,995,470 interactions among 
69,878 users and 9,708 items. Compared to Gowalla and 
Yelp2018, the Movielens 10M dataset exhibits higher data 
density. All the datasets are split into training, validation, 
and test sets with a ratio of 70%, 10%, and 20%, respec-
tively. We treat all observed user-item interactions as posi-
tive and unobserved interactions as negative. By leveraging 

2  https:/​/snap.s​tanford​.edu/​data/loc-Gowalla.html
3  https://www.yelp.com/dataset
4  https:​​​//grouple​ns.​org/da​ta​sets/movi​elens/10m/

memory. Including the storage of the sparse interaction 
matrix, the total memory usage up to initialization is:

O(mk + nk + nnz(R))� (13)

In contrast, the NMF-based initialization employs a Coor-
dinate Descent solver directly on the sparse interaction 
matrix R. The solver requires the same O(nnz(R)) to store 
the input, plus auxiliary memory for latent factors and tem-
porary variables. Specifically, the memory requirement is 
O(mk + nk + k2), where the k2 term arises from inter-
mediate updates during factorization [60]. Hence, the total 
memory usage is:

O(mk + nk + k2 + nnz(R))� (14)

Since k ≪ m and k ≪ n, k2 is negligible compared 
to mk and nk in large-scale recommendation settings 
(k ≪ m, n). Therefore, NMF-based does not incur sig-
nificantly more memory usage than random uniform 
initialization.

More importantly, initialization is a one-time cost that 
can be performed offline on resource-rich servers, after 
which training and inference proceed efficiently on mem-
ory-constrained devices.

4.4.2  Weight Exploration

Here, we provide a theoretical proof that the weight 
exploration process of SparseRec has improved mem-
ory efficiency compared to other embedding pruning 
baselines PEP and DSL. We analyze the memory com-
plexity of SparseRec w.r.t. the sizes of the sparse embed-
ding table E, the sparse gradients ∇A∪SL and the 
cumulative gradient table C, all of which are sparse. The 
total number of parameters can be hence expressed as 
params = ds(m + n) + card(A ∪ S) + card(S), which 
reaches its maximum in the virtually impossible case where 
S and A are mutually exclusive:

params = ds(m + n) + card(A ∪ S) + card(S)
≤ ds(m + n) + card(A) + card(S) + card(S)� (15)

= ds(m + n) + ds(m + n) + ωs(m + n) + ωs(m + n)
= (2d + 2ω)s(m + n) � (16)

The memory usage of DSL (traditional DST) is dominated 
by the sparse embedding table and the dense gradients, 
resulting in a total of (d + 1)s(m + n) parameters. We can 
compare it to the memory usage of SparseRec:

(2d + 2ω)s(m + n) ≤ (d + 1)s(m + n) ⇒ ω ≤ 1 − d

2
� (17)

1 3

238

https://snap.stanford.edu/data/loc-Gowalla.html
https://www.yelp.com/dataset
https://grouplens.org/datasets/movielens/10m


Sparse Gradient Training for Recommender Systems

5.1.3  Base Recommenders

To demonstrate its effectiveness and generalizability with 
other GNN recommenders, we integrate SparseRec and the 
selected baselines with the following base recommenders:

	● XSimGCL [61]: XSimGCL simplifies contrastive learn-
ing for recommendation by replacing graph augmenta-
tions with a noise-based embedding perturbation strat-
egy, enabling more uniform user/item representations 
that mitigate popularity bias and improve long-tail item 
exposure.

	● MGDCF [35]: MGDCF reformulates GNN-based col-
laborative filtering as a Markov diffusion process that 
generates fixed context features, which are then encoded 
by a fully connected layer in a simplified network rep-
resentation learning framework, highlighting the critical 
role of ranking loss in performance.

	● LightGCN [33]: LightGCN simplifies graph convolu-
tional networks for collaborative filtering by removing 
feature transformation and nonlinear activation, relying 
solely on linear neighborhood aggregation and layer-
wise embedding summation to learn user and item rep-
resentations more effectively and efficiently.

XSimGCL and MGDCF demonstrate state-of-the-art recom-
mendation performance while LightGCN is a classic recom-
mendation model widely used in recommendation research 
[9, 10, 14, 15, 19]. Each method with adjustable embedding 
density ratio is tested with the mean embedding size set to 8, 
16 and 32, corresponding to density ratios of 6.25%, 12.5% 
and 25% when the full embedding size is 128. The combi-
nation of three base recommenders, three datasets and three 
density ratios lead to 27 experimental settings.

5.1.4  Metrics

We evaluate the performance of each method using 
Recall@20 and NDCG@20, which are common evaluation 
metrics in recommendation [32, 33, 62].

5.2  Implementation Details

Here we provide the implementation details of SparseRec. 
Early stopping is applied after 300 training epochs, evaluat-
ing model performance on the validation set every 5 epochs, 
with a patience threshold of 5 epochs. The total number of 
training epochs is Tend is 500. NMF is solved using the Coor-
dinate Descent solver. Learning rate decay is used with the 
initial learning rate set to 0.01. It decays after every epoch 
by a factor of 0.99 when the LightGCN base recommender 
is trained on the Yelp dataset. The decay rate is 0.995 in all 

datasets from three distinct domains with varying data den-
sities, we aim to comprehensively evaluate the effectiveness 
of SparseRec across diverse recommendation scenarios.

5.1.2  Baselines

We compare SparseRec against several approaches, includ-
ing embedding-pruning methods:

	● PEP [16]: PEP (Plug-in Embedding Pruning) reduces 
memory usage by adaptively learning pruning thresh-
olds from data to eliminate redundant embedding pa-
rameters for each feature, resulting in a mixed-dimen-
sion embedding scheme that can be flexibly applied to 
various base recommendation models.

	● DSL [17]: DSL introduces a dynamic sparse training 
paradigm that learns sparse recommender models from 
scratch by periodically pruning and regrowing param-
eters based on their importance, ensuring consistent 
sparsity and minimal parameter usage throughout both 
training and inference.

	● CIESS [14]: CIESS leverages reinforcement learning 
with a random walk-based exploration strategy to con-
tinuously search for optimal, fine-grained embedding 
sizes for each user and item, enabling memory-efficient 
recommendation without relying on predefined discrete 
size sets.

	● BET [19]: BET formulates the search for user/item em-
bedding sizes as a table-level set-based optimization 
problem guided by an action fitness predictor, ensuring 
the final embedding table strictly adheres to a pre-speci-
fied memory budget while avoiding inefficient instance-
level search.

	● CERP [9]: CERP constructs compact representations by 
composing each user/item embedding from two jointly 
pruned, smaller meta-embedding tables using learnable 
thresholds, while enforcing regularization to encour-
age complementary information encoding between the 
tables.

	● DHE [11]: DHE replaces traditional embedding tables 
with a deep embedding network that generates embed-
dings on the fly by transforming multi-hash encoded 
identifier vectors through a neural network, enabling ef-
ficient handling of high-cardinality and unseen categori-
cal features without storing explicit embeddings.

PEP and DSL are embedding-pruning methods, CIESS and 
BET are variable-size embedding methods, and CERP and 
DHE are parameter-sharing methods. Since DHE does not 
use an embedding table, we are unable to fix its density. 
Therefore, we search {8, 16, 32, 64, 128} for its best output 
embedding size and present its best performance.
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improvement from increasing parameter density is compara-
tively marginal when utilizing lightweight embedding algo-
rithms, particularly with XSimGCL and MGDCF as base 
models. For example, the Recall@20 score of PEP increases 
by only 0.006 when parameter density is raised from 0.0625 
to 0.25 using MGDCF as the base model. This observation 
indicates that, on the Movielens 10M dataset, lightweight 
embedding algorithms tend to achieve strong performance 
even at low parameter densities, where efficient allocation 
of parameters is more critical.

Moreover, although DHE employs fewer parameters 
than all other methods by eliminating the conventional 
embedding table, it exhibits the worst performance in top-k 
recommendation.

5.4  Model Component Analysis

Here we showcase the performance efficacy of the core 
components of SparseRec, which are our main contribu-
tions. MGDCF is chosen as the base recommender as it has 
the best performance. The density ratio is set to 0.125.

5.4.1  NMF-based Sparse Initialization

To investigate the influence of NMF mask matrix initializa-
tion, we run two versions of SparseRec: one initializes the 
sparse network with random uniform distribution as used 
in traditional DST and the other does so using NMF. Table 
4 shows NMF initialization improves the performance of 
SparseRec, thus answering RQ2.

5.4.2  Regrowth by Cumulative Gradient

To illustrate the impact of regrowing parameters based on 
cumulative gradients versus instantaneous gradients, we run 
two versions of SparseRec: one using cumulative gradi-
ents and the other using instantaneous gradients as used in 
traditional DST. Shown in Table 4, using cumulative gra-
dients results in better performance, thus answering RQ3.

To fully understand this performance boost, we calculate 
and plot the embedding size for each user and item against 
their frequency. We also calculate the Pearson Correlation 
Coefficient between the embedding sizes and frequency 

other settings. The minimal learning rate is 0.0005. The full 
embedding size s is 128. Bayesian Personalized Ranking 
Loss [63] is used to train the recommenders. Adam opti-
mizer [64] is used with weight decay of 0.0001. The batch 
size is 8,000 for the Gowalla and Yelp datasets and 20,000 
for the Movielens 10M dataset. Empirical results show that 
large batch size substantially speeds up training with the 
same recommendation accuracy. The sampling ratio ω is set 
to 1−d

2  as SparseRec saves memory compared to PEP and 
DSL when ω ≤ 1−d

2  as discussed in Sect. 4.4. For the base 
recommenders, we inherit their optimal settings as reported 
in their original papers. After training, the embedding table 
is quantized into signed 8-bit integers as quantization is a 
common practice in the real world. During testing, it is con-
verted back to floating-point format.

5.3  Overall Performance Comparison

Table 3 presents the Recall@20 and NDCG@20 scores for 
various lightweight embedding methods across different 
base recommender models and density ratios. Our proposed 
method achieves state-of-the-art performance in 25 out of 
the 27 settings, effectively addressing RQ1. The largest 
performance gain over the second-best baseline is 11.79%, 
achieved on the Yelp dataset with a 0.0625 density ratio and 
the LightGCN base recommender. Other methods such as 
DSL, PEP and BET also show competitive performance in 
many settings. For the settings where SparseRec achieves 
the best performance, we perform paired student’s t-test 
between SparseRec and the best baseline method to further 
affirm the advantageous efficacy of SparseRec. With all 
p-values being less than 0.02, we can confidently conclude 
that the superior performance of SparseRec is statistically 
significant and not due to random chance.

In most cases, we observe that the performance improve-
ment of SparseRec over SD is more substantial in low-den-
sity settings, where efficient parameter utilization is crucial 
to minimizing performance degradation. This highlights 
SparseRec’s robustness in memory-constrained scenarios 
such as mobile and WoT devices.

On the Movielens 10M dataset, increasing parameter den-
sity notably enhances recommendation performance of con-
ventional small dense networks; however, the performance 

Table 4  Recommendation performance of different SparseRec variants on the Gowalla, Yelp, and Movielens 10M datasets w.r.t. Recall@20 
(R@20) and NDCG@20 (N@20) scores

Gowalla Yelp Movielens 10M
Regrowth Initialization R@20 N@20 R@20 N@20 R@20 N@20
Cumulative NMF 19.04 14.97 9.22 7.89 29.87 37.99
Instantaneous NMF 18.57 14.62 9.02 7.70 29.34 37.95
Cumulative Uniform 18.09 14.33 8.85 7.54 29.13 37.76
Instantaneous Uniform 17.54 13.86 8.42 7.17 29.01 37.56
The highest scores are highlighted
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5.5.1  Weight Exploration Interval ∆T

The weight exploration interval specifies the number of 
training steps between every weight exploration process 
and it has a vital influence on the performance of DST. If 
∆T  is too small, the parameters are not updated enough 
to exceed the pruning threshold; if ∆T  is too large, the 
parameters are not adequately explored and will result in 
inferior performance [65]. When ∆T− > ∞, it is equiva-
lent to static sparse training, where we train a base recom-
mender that has been pruned at initialization [17]. Let b be 
the number of steps in an epoch. To identify the optimal 
value for ∆T , we set it to 1b, 3b, 5b, 7b and 9b. Then we 
plot the resulting post-training performance in terms of 
Recall@20 and NDCG@20 scores under all density ratios 
d ∈ {0.0625, 0.125, 0.25}. Figure 4 shows that SparseRec 
performs best in the majority of settings when ∆T  is set to 
7b on the Yelp dataset and 5b on the Gowalla dataset. As 
to the Movielens 10M dataset, the performance fluctuations 
are subtle, with slightly better performance achieved with 
∆T  set to 1b, 9b and 5b when the density ratio equals 0.25, 
0.125 and 0.0625, respectively.

In summary, our experiments show that recommenda-
tion performance is largely insensitive to the choice of ∆T  

scores in each case to quantify the strength of correlation. 
To exclude the impact of the frequency-based sampling, we 
set the sampling ratio to 1 and use a dense cumulative gra-
dient table. We present result in Fig. 3. We can see both 
regrowth strategies result in a positive correlation between 
frequency and embedding size, with some critical tail users/
items assigned with larger sizes, which answers RQ4. This 
finding is consistent with the findings in [13]. However, the 
frequency-size correlation is weaker when instantaneous 
gradients are used, resulting in a larger number of frequent 
users/items being assigned smaller embedding sizes. This 
suggests that parameter regrowth based on instantaneous 
gradients leads to less reliable regrowth and fails to properly 
identify important parameters.

5.5  Analysis of Hyperparameter

In this section, we analyze the influence of key hyperparam-
eters. MGDCF is chosen as the base recommender as it has 
the best performance.

(a) Regrowth by cumulative gradients (b) Regrowth by instantaneous gradients

Fig. 3  The relationship between frequency and embedding sizes in regrowth by (a) cumulative gradients and (b) instantaneous gradients with their 
respective Pearson Correlation Coefficient
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As illustrated in Table 5, SparseRec demonstrates 
improved recommendation performance with larger ω, 
which naturally results in increased memory consumption. 
A notable observation is that the recommendation perfor-
mance remains relatively stable even as the sampling ratio 
is halved from h to h

2 , particularly with low density ratios. 
However, a larger drop in recommendation performance is 
observed across all density ratios when ω falls below h

4 . 
From Fig. 5, we also observe that higher density ratios and 
sampling ratios result in higher peak memory usage.

In summary, the sampling ratio ω governs the trade-off 
between accuracy and memory usage. Larger values of ω 
improve performance by sampling more embedding vec-
tors but increase memory cost, while smaller values reduce 
memory usage but risk overly random regrowth. As shown 
in Table  5, performance drops significantly when ω < h

2  
across all three datasets. Thus, setting ω = h

2  offers a robust 
balance between memory efficiency and recommendation 
quality. Furthermore, since edge devices often have het-
erogeneous memory budgets, ω can be flexibly tuned to 
match available resources without catastrophic performance 
degradation.

across all three datasets. For practical deployment, setting 
∆T  within the range of 5b–7b provides a reliable and effec-
tive default, making this choice sufficient for most real-
world recommendation scenarios.

5.5.2  Sampling Ratio ω

The sampling ratio ω plays a crucial role in determining the 
proportion of embedding vectors selected from the embed-
ding table, thereby limiting gradient calculations to only 
those sampled vectors. As outlined in Sect. 4.4, ω should 
not exceed 1−d

2  to ensure that memory savings are realized 
compared to traditional DST. If ω is too high, the memory 
savings diminish, whereas an ω close to zero essentially 
results in random regrowth. We define h = 1−d

2  and pres-
ent the recommendation performance metrics Recall@20 
and NDCG@20 along with the peak memory usage as 
discussed in 4.4 in Table 5. The analysis is conducted for 
ω values in {h, h

2 , h
4 , h

8 , h
16 } across different density ratios 

d ∈ {0.25, 0.125, 0.0625}. Meanwhile, we also plot the 
relationship between peak memory usage against different 
density ratios d and sampling ratios ω in Fig. 5.

Fig. 4  Hyerparameter analysis of the weight exploration interval ∆T  w.r.t. Recall@20 and NDCG@20 on the Gowalla, Yelp and Movielens 10M 
datasets
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/​d​a​t​a​s​e​t​​​​​)​, and Movielens 10M (​h​t​t​p​​s​:​/​​/​g​r​o​​u​p​​l​e​n​​s​.​o​r​​g​/​d​​a​t​a​​s​e​t​s​/​m​o​v​i​e​l​e​
n​s​/​1​0​m​/). The code is available at ​h​t​t​p​​s​:​/​​/​a​n​o​​n​y​​m​o​u​​s​.​4​o​​p​e​n​​.​s​c​​i​e​n​​c​e​/​​r​
/​S​p​​a​r​​s​e​R​e​c​-​7​6​9​8​/.
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