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Abstract
Deep learning-based recommendation systems (DRS) have
become a dominant workload in hyperscale data centers. How-
ever, designing DRS architectures that balance high predictive
performance with computational efficiency remains a major
challenge due to ever-increasing model complexity and scale.
Neural architecture search (NAS) has recently emerged as a
promising automated design approach and is now adopted in
production by major hyperscalers. Yet, existing NAS methods
face two critical limitations: (i) prohibitive search costs—
often requiring several GPU hours to days—which hinder
rapid iteration, and (ii) the resulting architectures are typi-
cally computation- and memory-intensive, limiting practical
deployment. In this paper, we propose Drs.NAS, an ultra-
efficient NAS framework for DRS. (i) Ultra-efficient search:
We propose a novel metric, superproxy, which enables NAS
without the costly training and validation required by exist-
ing NAS methods. Compared to SOTA NAS search times
of 5→18 GPU-hours, Drs.NAS completes the search within
two minutes on a commodity CPU. (ii) Ultra-efficient re-
sults: The models discovered by Drs.NAS drastically reduce
resource demands—achieving on average 108.3↑ and 34.9↑
smaller model sizes, and 88.8↑ and 14.7↑ fewer FLOPs,
compared to handcrafted and SOTA NAS results, respectively.
Crucially, these gains come without sacrificing predictive
quality: Drs.NAS delivers on par or even superior predictive
performance, surpassing handcrafted and NAS baselines by
0.0123 and 0.0056 in average AUC across three representa-
tive benchmarks, respectively.

1 Introduction

Recommendation systems play a crucial role in deliver-
ing personalized content across diverse applications, includ-
ing e-commerce, advertising, social media, and search en-
gines [Zhang et al.(2019), Song et al.(2020), Guo et al.(2017),
Song et al.(2019), Zhang et al.(2023)]. With the advent of
deep learning, their scale and complexity have grown by more

than an order of magnitude since 2017, giving rise to deep
learning-based recommendation systems (DRS). Today, DRS
workloads have become dominant in hyperscale data centers;
for instance, they account for over 70% of all AI inference
cycles at Meta’s data centers [Gupta et al.(2020)].

While deep learning greatly improves predictive perfor-
mance by capturing complex multi-modal feature interactions,
it also introduces substantial computational demands. These
demands strain data center resources and challenge quality-of-
service (QoS) requirements, such as tail latency and response
time [Berger et al.(2018), Chen et al.(2024)]. Designing ef-
ficient architectures for DRS is further complicated by the
reliance on manual, domain-expert-driven design, which in-
volves costly and iterative exploration of large architectural
design spaces—an approach that does not scale.

To overcome these challenges, neural architecture search
(NAS) has emerged as a promising paradigm for automating
DRS architecture design and has been adopted in production
by several hyperscalers, e.g., Meta [Song et al.(2020), Zhang
et al.(2023),Wen et al.(2024)]. NAS effectively explores large
design spaces with heterogeneous operators and connection
types. For example, AutoCTR [Song et al.(2020)] introduces
a hierarchical search space with diverse feature interaction
operators, while NASRec [Zhang et al.(2023)] expands the
space further by incorporating heterogeneous operations and
flexible connection patterns. By leveraging enriched search
spaces and automation, NAS methods often achieve state-of-
the-art (SOTA) performance across benchmarks, while often
reducing model complexity compared to manually designed
DRS [Zhang et al.(2023), Song et al.(2020), Zhu et al.(2022)].
Main Challenges: Despite achieving SOTA predictive per-
formance, existing NAS methods for DRS architecture search
face two major challenges:

• Prohibitive search costs: Current NAS approaches
for DRS [Zhang et al.(2023), Song et al.(2020), Zhu
et al.(2022)] rely on iterative training and validation
cycles to perform the search process. This results in sub-
stantial computational overhead, often requiring hours
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Table 1: Performance comparison between the SOTA NAS approaches and Drs.NAS over three widely adopted recommenda-
tion system benchmarks. In this paper, the “performance” specifically denotes the model predictive performance, and
Drs.NAS achieves the best or second-best Log Loss (lower is better) and AUC score (higher is better) among all NAS baselines,
with significant search cost reduction (from GPU-hours to CPU-minutes) listed in this table and computational overhead reduction
of NAS-discovered models as shown in Fig. 4(g) to Fig. 4(l).

Criteo Avazu KDD Average
Log Loss↓ AUC↔ Log Loss↓ AUC↔ Log Loss↓ AUC↔ Search Cost

PROFIT [Gao et al.(2021)] 0.4427 0.8095 0.3735 0.7883 - - 12 hours on GPU
AutoCTR [Song et al.(2020)] 0.4413 0.8104 0.38 0.7791 0.152 0.8011 18 hours on GPU
NAS-CTR [Zhu et al.(2022)] 0.4421 0.8104 0.3754 0.7884 - - 5.04 hours on GPU
NASRec [Zhang et al.(2023)] 0.4398 0.8116 0.3744 0.7891 0.1491 0.8155 6 hours on GPU

Drs.NAS (proposed) 0.4404 0.8109 0.3736 0.7905 0.1479 0.8204 1.56 minutes on CPU

or even days on GPUs. Such costly procedures make
NAS time-consuming, resource-intensive, and difficult
to scale, thereby hindering the rapid iteration of model
architecture design for ever-increasing application tasks.

• Computation- and memory-heavy architectures: Ex-
isting NAS methods for DRS primarily optimize for pre-
dictive performance metrics such as Log Loss or AUC
(area-under-curve), while neglecting the computation
overhead of the searched architectures, including mem-
ory usage (i.e., the number of parameters) and computa-
tional cost (i.e., the number of FLOPs).

Our Solution: To overcome these limitations, we propose
Drs.NAS, an ultra-efficient NAS framework for DRS archi-
tecture search. Unlike conventional NAS methods, Drs.NAS
avoids the requirement for expensive training and validation
of candidate architectures. The key idea is a novel compos-
ite metric, superproxy, which integrates seven different NAS
proxy dimensions as a composite indicator for predictive per-
formance and architectural efficiency. Building on the su-
perproxy, we develop a composite loss function based on
the superproxy that allows joint optimization of predictive
performance and computational efficiency.

The performance comparison between Drs.NAS and SOTA
NAS baselines is indicated in Tab. 1. To the best of our knowl-
edge, Drs.NAS is the first zero-cost proxy-based NAS frame-
work for DRS architecture search that simultaneously delivers
three key advantages:

• Ultra-efficient search: By leveraging the superproxy,
Drs.NAS eliminates the need for costly training and val-
idation during architecture search. As a result, the entire
search process completes in under two minutes on a
commodity CPU, compared to 5→ 18 GPU-hours re-
quired by SOTA NAS baselines [Gao et al.(2021), Song
et al.(2020), Zhu et al.(2022), Zhang et al.(2023)], yield-
ing up to a 692↑ improvement in search time efficiency.

• On par or superior predictive performance: De-
spite the drastic architecture search efficiency gains,

Drs.NAS achieves comparable or better predictive per-
formance. Specifically, Drs.NAS delivers on par or even
superior predictive performance and surpasses NAS base-
lines by 0.0056 in the averaged AUC score.

• Ultra-efficient architectures: Drs.NAS enables co-
optimization of both predictive performance and compu-
tational efficiency. Beyond marginal predictive perfor-
mance gains, Drs.NAS reduces model size and FLOPs
by averages of 34.9↑ and 14.7↑, respectively, across
three widely adopted recommendation system bench-
marks compared to SOTA NAS baselines.

This paper makes the following contributions:

• We propose Drs.NAS, an ultra-efficient NAS framework
for DRS. By introducing the superproxy as a composite
performance/efficiency indicator, Drs.NAS removes the
need for expensive training and validation during search,
reducing search time from GPU-hours to CPU-minutes.

• We develop a composite loss function based on super-
proxies and formulate a multi-objective optimization
problem that balances predictive performance and com-
putational efficiency. We solve this optimization problem
utilizing a gradient-based search strategy.

• We conduct comprehensive evaluations of both the
Drs.NAS framework and the architectures it produces.
Results show that Drs.NAS consistently achieves sub-
stantial efficiency improvements in computation and
memory, while delivering on par or even superior pre-
dictive performance compared to handcrafted and NAS
baselines on three representative recommendation sys-
tem benchmarks.

2 Background and Related Work

2.1 Background of DRS Development
DRS are extensively developed and widely adopted in dif-
ferent fields [Guo et al.(2017), Song et al.(2019), Naumov
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et al.(2019)]. Specifically, DeepFM [Guo et al.(2017)] inte-
grates factorization machines with neural networks to learn
different feature interactions, demonstrating strong perfor-
mance and efficiency. AutoInt [Song et al.(2019)] leverages
the self-attention mechanism and residual connections to
capture feature interactions more effectively, and the Au-
toInt+ [Song et al.(2019)] model further boosts the predic-
tive performance by integrating implicit feature interactions.
Moreover, the widely deployed Deep Learning Recommen-
dation Model (DLRM) [Naumov et al.(2019)] employs both
dense and sparse features, providing a scalable architecture
with high performance.

Despite the mainstream DRS achieving strong perfor-
mance, these models heavily rely on manual development, re-
quiring substantial domain expertise and interventions. Such
manually designed DRS not only increase development cost
but also limit the architectural design space exploration, po-
tentially leading to suboptimal performance and inefficient
implementation.

2.2 Background of NAS
Weight-Sharing NAS: Weight-sharing NAS approaches [Cai
et al.(2019), Zhang et al.(2023), Zhu et al.(2022), Gao
et al.(2021)] mitigate the prohibitive computational costs
of traditional NAS methods by training a single over-
parameterized supernet to represent the entire search space.
A search algorithm, such as the evolutionary algorithm (EA),
is then employed to select the best-performing subnet [Cai
et al.(2019),Zhang et al.(2023)]. Despite being widely applied
for DRS architecture search, training the supernet requires
substantial computational resources, and each subnet often
requires iterative validation and fine-tuning, both of which
are time-consuming and computationally expensive.

Hardware-aware NAS: Hardware-aware NAS methods in-
tegrate execution latency into the search objective to discover
computationally efficient and high-performance architectures
on target devices [Wu et al.(2019), Cai et al.(2018), Gao
et al.(2025)]. However, most existing approaches depend on
latency profiling or auxiliary latency prediction models, which
introduce additional measurement complexity and compu-
tational overhead. Moreover, conventional hardware-aware
NAS methods still require training large supernets, resulting
in substantial search costs.

Zero-cost proxy-based NAS: In parallel, to reduce search
cost, the zero-cost proxy-based NAS strategy utilizes saliency
metrics to estimate the performance of DNN models without
any training [Li et al.(2023), Abdelfattah et al.(2021), Jiang
et al.(2023)]. These proxies are computed on model weights,
activations, or gradients using a single forward and back-
ward propagation and aggregated across all model parame-
ters to approximate predictive performance. While highly
efficient, existing zero-cost proxies were primarily devel-
oped for CNN and Transformer architectures [Abdelfat-

tah et al.(2021), Li et al.(2023), Mellor et al.(2021), Jiang
et al.(2023), Zhou et al.(2024)], and their applicability to
DRS architectures, characterized by dense/sparse operations
and corresponding feature interactions, remains largely unex-
plored. In addition, prior methods mainly focus on model
accuracy, with limited attention to jointly optimizing pre-
dictive performance and computational efficiency [Abdelfat-
tah et al.(2021), Li et al.(2023), Jiang et al.(2023)]. Further-
more, recent studies show that no individual proxy gener-
alizes reliably across tasks and benchmarks [Abdelfattah
et al.(2021),Huang et al.(2024),Cortês et al.(2025)], inspiring
the ensemble design that aggregates multiple proxies in the
NAS methods for more robust performance estimation.

2.3 NAS for DRS
The NAS methods have emerged as a promising strategy for
automating the development of DRS architectures, demon-
strating strong performance on various recommendation sys-
tem benchmarks. In particular, PROFIT [Gao et al.(2021)]
proposes a progressive differentiable NAS algorithm to dis-
cover optimal feature-interaction layers in deep sparse net-
works, using a low-rank approximated search space. Au-
toCTR [Song et al.(2020)] utilizes evolutionary algorithms
to automatically explore the effective feature interaction ar-
chitectures in a graph-based search space. NAS-CTR [Zhu
et al.(2022)] further integrates architecture optimization with
parameter learning via a differentiable NAS method. More
recently, NASRec [Zhang et al.(2023)] adopts the weight-
sharing NAS paradigm and substantially broadens the search
space by incorporating heterogeneous operators such as sig-
moid gating [Wang et al.(2021)] and transformer-based mod-
ules [Vaswani et al.(2017)], achieving promising performance
on multiple benchmarks.

However, prior NAS approaches remain computationally in-
tensive and time-consuming, often requiring substantial GPU
resources for architecture search, while the discovered ar-
chitectures can be resource-intensive and costly to deploy,
making these NAS methods impractical for real-world deploy-
ment. Moreover, as observed in recent industrial studies [Wen
et al.(2024)], NAS for DRS becomes an iterative execution
in the recurring engineering cycle to continuously battle the
dynamic baselines instead of a one-time investment per task.
Therefore, reducing per-task search time and the inference
cost of searched architectures is critical to making automated
architecture optimization practically deployable.

To overcome these limitations, Drs.NAS introduces a su-
perproxy that comprises seven zero-cost proxies as a perfor-
mance/efficiency indicator to guide DRS architecture search,
which can eliminate the requirement for supernet training or
subnet fine-tuning and discover architectures with strong pre-
dictive performance and high computational efficiency. While
individual zero-cost proxies have been explored in other do-
mains, the strategic composition of the superproxy in NAS

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    2409



for DRS represents a significant and non-trivial advancement.

3 Proposed Approach: Drs.NAS

3.1 Drs.NAS Overview
Fig. 1 presents the overview of Drs.NAS framework, which is
mainly composed of four major phases. In phase 1 (Sec. 3.2),
we propose and formulate the superproxy metric, which maps
each candidate operator to a seven-dimensional proxy repre-
sentation. In phase 2 (Sec. 3.3), we construct a graph-based
search space built on top of the computed superproxies, where
vertices represent candidate layers and edges represent candi-
date dataflows. This search space eliminates the requirement
of expensive training and validation of candidate architectures
based on superproxies. In phase 3 (Sec. 3.4), we relax the
discrete graph search space, using Gumbel-Softmax, to enable
a differentiable NAS process. Finally, in phase 4 (Sec. 3.5),
we formulate a multi-objective optimization problem over
the relaxed space and develop a composite loss that balances
predictive performance and computational efficiency. We uti-
lize a gradient-based method to solve the optimization and
discover the optimal model architecture.

§3.2 Superproxy Formulation

Proxy
Computation

§3.5 Gradient-Based 
Search

§3.4 Search Space 
Relaxation

Vertex V1

Vertex V2

Vertex VD

Layer 1

Layer 2

Layer D

Discretize

Optimal searched 
architecture 

Optimal candidate 
architecture

Layer 1

Layer 2

Layer D

Supernet 
Initialization

Superproxies

§3.3 Search Space
Generation
Vertex V1

Vertex V2

Vertex VD

DAG search space

Operators 
in DRS

Superproxy
of operators

Figure 1: The overview of Drs.NAS framework for the DRS
architecture search, consisting of four sequential phases.

3.2 Superproxy Formulation
In Drs.NAS, we focus on two types of zero-cost proxies: the
overhead-relevant proxy, which is correlated with the model
size and computational overhead, and the overhead-irrelevant

proxy, which reflects the model performance and trainabil-
ity. We initialize a supernet following NASRec [Zhang
et al.(2023)], and compute the corresponding proxies. By
ensembling these proxies, the superproxy serves as the per-
formance and efficiency indicator, guiding the optimization
toward improved predictive performance while regularizing
the stability of the gradient-based search process.

3.2.1 Overhead-relevant Proxy

First of all, we consider two standard proxies: the number
of parameters (#Params) and FLOPs (#FLOPs). These prox-
ies are generally highly connected with the model size and
computational overhead, while the #Params and #FLOPs
are also widely utilized proxies in prior NAS methods [Li
et al.(2023), Jiang et al.(2023), Lin et al.(2020)] as model per-
formance indicators. The #Params and #FLOPs for weight
matrix ! are indicated in Eq. (1). Here, the Numel(!) indi-
cates the total number of elements in the weight matrix !, and
X is a subset of randomly selected training samples.

Sparam(!) = Numel(!); S f lops(!) = FLOPs(!;X) (1)

We also include the weight norm (wnorm) and the gradient
norm (gnorm) proxies, defined as the Frobenius norm of the
weight matrix ! and the corresponding gradients, respectively.
These proxies are correlated with the parameter counts and
are widely adopted for efficient NAS [Lukasik et al.(2025),
Abdelfattah et al.(2021)]. The computation of the wnorm and
gnorm proxies for the weight matrix ! is shown in Eq. (2).

Swnorm(!) = ↗!↗F ; Sgnorm(!) =
∥∥∥∥

∀L
∀!

∥∥∥∥
F

(2)

3.2.2 Overhead-irrelevant Proxy

Additionally, we incorporate the well-established zero-cost
proxies that are leveraged to estimate the predictive perfor-
mance and trainability of DNN models directly from the
model initializations [Li et al.(2023),Jiang et al.(2023),Tanaka
et al.(2020), Abdelfattah et al.(2021)]. These proxies are not
strongly correlated with model size and computational over-
head. Specifically, we leverage the zico [Li et al.(2023)], syn-
flow [Tanaka et al.(2020)], and meco [Jiang et al.(2023)]
proxies in Drs.NAS.

Zico captures the relationship between the gradient statis-
tics of the weight matrix !, such as the mean and standard
deviation of the corresponding gradient, and the trainability
and generalization capacity of the DNN models. The zico
proxy computation of ! is demonstrated in Eq. (3).

Szico(!) = log

(
E [|∀L/∀!|]√
Var(|∀L/∀!|)

)
(3)

Synflow utilizes the Hadamard product of the model weight
! and the corresponding gradients to represent the contribu-
tion of each weight matrix ! within the computational flow of
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the entire DNN model. The computation of the synflow proxy
for ! is denoted as Eq. (4).

Ssyn(!) =
∀L
∀!

↘! (4)

Meco computes the Pearson correlation matrix P(·) of fea-
ture maps F derived from the model weight matrix ! and
relates the minimum eigenvalue of the correlation matrix to
the model accuracy and trainability. The meco proxy compu-
tation for weight matrix ! is shown as Eq. (5), where #min(·)
represents the minimum eigenvalue.

Smeco(!) = #min(P(F (X ;!))) (5)

To construct the operator-level superproxy, we first com-
pute the seven different proxies for each weight matrix !
within an operator, ranging from Sparam to Smeco. Then we
sum the corresponding proxies across all weight matrices
in that operator. For instance, the Sparam for operator o is
computed as Sparam(o) = ∃≃!⇐o Sparam(!). Finally, we con-
catenate these seven different operator-level proxies into a
7-dimensional tensor, defined as So ⇐ R7 in Eq. (6), which
represents the superproxy of operator o.

So = [Sparam(o),S f lops(o), . . . ,Szico(o),Smeco(o)] (6)

This superproxy integrates information from multiple prox-
ies of the operator to estimate the performance of different
candidate architectures and discover the optimal architectures
within the search space, eliminating the need for supernet
training and candidate architecture validation. Notably, we
hypothesize that overhead-relevant proxies can serve as in-
dicators of model capacity and expressive ability in the do-
main of DRS. Intuitively, we interpret that higher values of
overhead-relevant proxies correlate with improved predictive
performance, while potentially increasing the computational
overhead of candidate architectures. To counterbalance this
effect, we further incorporate the overhead-irrelevant proxies,
which are weakly correlated with model size but remain infor-
mative of trainability and predictive performance, as regulariz-
ers within the composite loss function (detailed in Sec. 3.5) to
stabilize the optimization process. By integrating these prox-
ies, we enable joint optimization that balances both predictive
performance and computational efficiency.

3.3 Search Space Generation
Drs.NAS constructs a directed acyclic graph (DAG) as the
search space using the superproxy S computed from the super-
net initialization. Following the design in [Zhang et al.(2023)],
in each layer of a candidate architecture, Drs.NAS selects one
dense operator, one sparse operator, and the corresponding
feature fusion operators from a heterogeneous operator set.

The search space additionally permits arbitrary connections
between any pair of layers.

In particular, for dense operators, we include the fully
connected (FC), sigmoid gating [Chen et al.(2019), Wang
et al.(2021)], summation, and dot-product [Cheng et al.(2016),
Zhang et al.(2024), Naumov et al.(2019)], while for sparse
operators we utilize the Embedded FC and transformer [Song
et al.(2019), Vaswani et al.(2017)] operators in Drs.NAS. Fur-
thermore, Drs.NAS incorporates two feature fusion strate-
gies, as adopted in prior work [Zhang et al.(2023)], to en-
hance the feature interaction between dense and sparse out-
puts. Drs.NAS leverages both dense-to-sparse and sparse-to-
dense feature fusion. The dense-to-sparse feature fusion first
transforms the dense tensor through FC and concatenates the
resulting output with the sparse tensor, while the sparse-to-
dense feature fusion projects the sparse tensor into the dense
feature space based on Factorization Machine (FM) [Guo
et al.(2017), Rendle(2010)] and sums the resulting output
with the dense tensor. Together, these operators cover a wide
range of computation modules in modern DRS.

Fig. 2(a) illustrates an example four-layer DAG search
space. Formally, the DAG search space is defined as G =
(V ,E). The vertex set V = [V1, . . . ,VD ] contains D ver-
tices, corresponding to the D layers in supernet. Each ver-
tex Vi includes p candidate layers at layer i, denoted as
Vi = [v1,v2, . . . ,vp], where each candidate layer vi denotes
a specific combination of one dense operator, one sparse op-
erator, and the associated feature fusion.

The superproxy of a candidate layer Svi is defined as the
element-wise sum of the superproxies of all operators and
feature interactions So within that candidate layer: Svi =
∃≃o⇐vi So. The superproxy of the vertex SVi is then represented
as the concatenation of the superproxies of all candidate lay-
ers, denoted as SVi = [Sv1 ,Sv2 , . . . ,Svp ], where SVi ⇐ Rp↑7.

In the meantime, the edge set E = [E1, . . . ,ED ] represents
the data flow connections within the supernet, where Ei de-
notes the set of all candidate incoming edges (in-edges) of
the vertex at layer i. The superproxy Se for candidate in-edge
e⇐Ei is computed by the element-wise sum of the superproxy
of the source candidate layer vs ⇐Vj<i and the superproxy of
the target candidate layer vt ⇐Vi in the DAG search space.

3.4 Search Space Relaxation
Based on the defined DAG search space, Drs.NAS formu-
lates the architecture search problem as candidate architec-
ture sampling over the DAG. The search objective is to dis-
cover an optimal candidate architecture by selecting one can-
didate layer per vertex and a subset of candidate in-edges
from the search space. However, directly optimizing over the
discrete DAG is non-trivial due to its non-differentiable na-
ture. To address this challenge, Drs.NAS employs continuous
relaxation over the DAG search space based on the Gumbel-
Softmax [Jang et al.(2016), Maddison et al.(2016)], a strat-
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(b) Relaxed DAG search space based on Gumbel-
Softmax

Candidate layer 1
Dense op 1 / Sparse op 0

Feature fusion ⇒

Candidate layer 2
Dense op 3 / Sparse op 1

Feature fusion ⇒ ⇒

Candidate layer 3
Dense op 2 / Sparse op 0

Feature fusion ⇒

Candidate layer 4
Dense op 2 / Sparse op 1

Feature fusion ⇒

(c) Discretized candidate architecture from re-
laxed DAG search space

Figure 2: Illustration of the DAG search space construction, search space relaxation, and sampled candidate architecture in
Drs.NAS, utilizing a four-layer architecture as an example

egy widely adopted in differentiable NAS methods [Chang
et al.(2019), Xie et al.(2018)], to enable smooth architecture
sampling from the discrete DAG.

Formally, let Vi and Ei denote the set of candidate layers and
candidate in-edges at layer i. Each candidate layer v ⇐Vi and
candidate in-edge e ⇐ Ei is assigned with a learnable weight
parameter, defined as wv,we ⇐ W . The smooth architecture
sampling in Drs.NAS includes two components. Firstly, the
edge sampling is performed over candidate in-edges Ei itera-
tively across each layer utilizing Gumbel-Softmax relaxation,
as indicated in Eq. (7). Here, the g indicates the Gumbel noise
g → Gumbel(0,1), and the % represents the temperature pa-
rameter controlling the smoothness of the sampling in the
Gumbel-Softmax.

S̃E = ∃
e⇐Ei

exp
(we+ge

%
)

∃e⇑⇐Ei exp
(

we⇑+ge⇑
%

)SE (7)

Secondly, a similar Gumbel-Softmax relaxation is deployed
over candidate layers vi iteratively across each vertex, and the
vertex sampling is performed as Eq. (8). The relaxed search
space is illustrated in Fig. 2(b), enabling the joint sampling of
the candidate layers and in-edges. Notably, the architecture
sampling strategy mainly focuses on the selection of candidate
layers and in-edges and ensures valid forward paths without
requiring additional graph-level constraints.

S̃V = ∃
v⇐Vi

exp
(wv+gv

%
)

∃v⇑⇐Vi exp
(

wv⇑+gv⇑
%

)SV (8)

After the architecture sampling, the candidate architecture
refers to GA ⇓ G . The discrete candidate architecture can
be obtained through architecture discretization based on the

weight parameters W , as illustrated in Fig. 2(c). For vertex
discretization, Drs.NAS selects the optimal candidate layer S̃v
with the highest candidate layer weight from each vertex Vi,
i.e., argmaxv⇐Vi(wv). For edge discretization, Drs.NAS sets a
fixed threshold d to determine the optimal candidate in-edges
and selects the edges with the top d candidate in-edge weights
we from the candidate in-edges set Ei. Here, we define the
threshold d = 50% to balance the trade-off between model
complexity and computational efficiency.

3.5 Gradient-Based Search
To discover the optimal architecture with both predictive per-
formance and computational efficiency, we develop a com-
posite loss function based on the superproxy and define the
architecture search loss LA that jointly optimizes three objec-
tives, as formulated in Eq. (9). Similar to prior research [Liu
et al.(2018), Wu et al.(2019)], we adopt a gradient-based ap-
proach to solve this co-optimization problem.

LA = #1 ⇔Lvertex +#2 ⇔Ledge +#3 ⇔Lcost (9)

In Eq. (9), we define the three components in the compos-
ite loss function corresponding to the selection of candidate
layers, the connection of candidate in-edges, and the com-
putational cost of the candidate architecture, respectively. In
particular, Lvertex encourages effective operators in each can-
didate layer to achieve high performance. Ledge regularizes
the data flow of in-edges within the architecture. Lcost con-
trols the computational overhead by penalizing architectures
that introduce high computational overhead.

In Drs.NAS, within Lvertex and Ledge, we encourage the
selection of architectures with high overhead-relevant proxies
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to maximize the overall predictive performance, motivated
by the insight that overhead-relevant proxies are strongly
correlated with predictive performance and trainability [Li
et al.(2023)]. However, this strategy may induce increased
memory and computational overhead. To counterbalance this
effect, we incorporate the overhead-irrelevant proxies as the
regularizer to stabilize the optimization process.

Formally, let VA and EA denote the set of all candidate
layers and candidate in-edges within the candidate architec-
ture. S̃ R and S̃ I represent subsets of superproxy S̃ , where
S̃ R contains the overhead-relevant proxies indexed by R and
S̃ I includes the overhead-irrelevant proxies indexed by I .
The computation of Lvertex is indicated in Eq. (10). In Lvertex,
we employ the parameter related overhead-relevant proxies
Rv = {Sparam,Sgnorm ,Swnorm}, while using all the overhead-
irrelevant proxies Iv = {Ssyn,Szico,Smeco} as regularizer.

Lvertex = ∃
v⇐VA

&v

[
S̃ Iv

v ↖ S̃ Rv
v

]
(10)

Additionally, we compute the Ledge based on the super-
proxies of the candidate in-edges. Here, we mainly focus
on the data flow and gradient flow related proxies in Ledge,
such as Re = {Sgnorm}, and overhead-irrelevant proxies Ie =
{Ssyn,Szico} as the regularizer in this loss function to opti-
mize the data and gradient propagation within the candidate
architecture. The computation of Ledge is denoted as Eq. (11).

Ledge = ∃
e⇐EA

&e

[
S̃ Ie

e ↖ S̃ Re
e

]
(11)

Last but not least, we define the loss function for the com-
putational overhead, Lcost , which integrates both computa-
tional and memory usage. We define the Lcost as indicated in
Eq. (12), incorporating the #FLOPs and #Params of the candi-
date architecture. The degree(·) is utilized as a layer-specific
normalizer for distinguishing the contribution of different lay-
ers. Based on our definition, high #Params encourages the
candidate architecture to have better predictive performance
and trainability, while high #FLOPs are penalized to promote
model computational efficiency. In Lcost , we assign equal
weight to #FLOPs and #Params, enabling a balance between
computational efficiency and predictive performance during
the architecture search process.

Lcost = ∃
v⇐VA

degree(v) ·
[
S̃ f lops

v ↖ S̃ param
v

]
(12)

It is worth mentioning that the hyperparameters # =
[#1,#2,#3] and & = {&v,&e} are trainable weighting parame-
ters that dynamically balance the contribution of each com-
ponent during optimization without manual fine-tuning. To
avoid any single loss function from being disregarded, we
normalize the learnable parameters # and & via softmax. In
Drs.NAS, we utilize a gradient-based optimization strategy to
minimize the LA , as illustrated in Algorithm 1, and discover
the corresponding optimal architecture.

Algorithm 1 Gradient-based search in Drs.NAS

Input: Given DAG search space G = (V ,E)
Input: Architecture Sampler Sampler(W ,&,#)
Output: Optimal candidate architecture GA = (VA ,EA)

1: Lbest ↙ ∋
2: W ,&,# ↙ Initialize(W ,&,#)
3: for iteration i = 1 to N do
4: Sample a candidate architecture GA

i:
5: GA

i ↙ Sampler(W ,&,#)
6: Compute the composite loss LA :
7: Lvertex ↙ ∃v⇐VA &v

[
S̃ Iv

v ↖ S̃ Rv
v

]

8: Ledge ↙ ∃e⇐EA &e

[
S̃ Ie

e ↖ S̃ Re
e

]

9: Lcost ↙ ∃v⇐VA degree(v) ·
[
S̃ f lops

v ↖ S̃ param
v

]

10: LA ↙ #1 ⇔Lvertex +#2 ⇔Ledge +#3 ⇔Lcost
11: if LA < Lbest then
12: Lbest ↙ LA
13: GA ↙ GA

i

14: end if
15: Update Sampler(W ,&,#) via gradient descent
16: W ,&,# ↙ Adam(W ,&,#,(LA)
17: end for
18: return GA

4 Experimental Setup

4.1 Evaluation Benchmarks and Metrics

Following prior work [Song et al.(2020), Zhang et al.(2023)],
we evaluate Drs.NAS on three representative real-world rec-
ommendation system benchmarks, including Criteo [Tien
et al.(2014)], Avazu [Wang and Cukierski(2014)], and
KDD [Aden and Wang(2012)]. We select these benchmarks
for two primary reasons: (1) they are standard public bench-
marks for Click-Through Rate (CTR) prediction, widely
adopted across both academia and industry research set-
tings; and (2) they are consistently used in prior studies, en-
abling direct and fair comparisons with existing work. We
adopt the standard preprocessing procedures from [Song
et al.(2020), Zhang et al.(2023)] to ensure consistency across
different models. The statistical information of the three
benchmarks is summarized in Tab. 2.

Table 2: Statistics for three representative recommendation
system benchmarks, detailing the number of dense and sparse
features alongside the total number of samples.

Benchmark # Dense # Sparse # Samples
Criteo 13 26 45,840,617
Avazu 0 23 40,428,967
KDD 3 10 149,639,104
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To systematically evaluate the performance and efficiency
of Drs.NAS searched architectures, we leverage four widely
adopted metrics. For the predictive performance, we evaluate
Log Loss and AUC score. For memory and computational
efficiency, we measure the model size #Params and compu-
tational costs #FLOPs. In general, better performance corre-
sponds to lower Log Loss and higher AUC score, while better
efficiency is indicated by lower #Params and #FLOPs.

Note that Drs.NAS focuses on neural architecture design,
namely searching for effective backbone structures that de-
termine how feature representations are combined and trans-
formed to produce predictions, which is consistent with prior
work [Zhang et al.(2023),Zhu et al.(2022)]; the embedding ta-
bles are fixed and not part of the search space. In fact, the size
of embedding tables is determined by the dataset-specific con-
figurations rather than architectural decisions, because they
are used to encode categorical input features. In short, we
measure model size and computational cost primarily based
on the searched backbone architectures.

4.2 Drs.NAS Implementation
In this study, all experiments are implemented based on Py-
Torch [Paszke et al.(2019)]. For superproxy computation, we
randomly select 2,048 samples (one batch) from the training
set and utilize the binary cross-entropy (BCE) loss function to
compute the gradient-related proxies, such as Sgnorm and Szico.
Architecture #FLOPs are measured using DeepSpeed [Rasley
et al.(2020)] and FvCore [Facebook Research(2022)]. To han-
dle the scale differences among proxies, we apply logarithmic
transformations to #Params and #FLOPs and z-score normal-
ization to other proxies in the superproxy. Following previous
differentiable NAS studies [Zhu et al.(2022),Liu et al.(2018)],
we utilize the Adam optimizer [Kingma and Ba(2014)] with
learning rate from {0.02, 0.05, 0.1, 0.2, 0.5}. Due to the ultra-
efficient search (minutes on CPU), early stopping is unneces-
sary, and we run all the architecture search experiments for
N = 10000 iterations across all benchmarks.

To comprehensively evaluate the scalability of architec-
tures searched by Drs.NAS, we consider different model
depths D ⇐ {5,6,7,8,9}. In contrast to conventional NAS
approaches that typically rely on coarse-grained dimension
sets [Song et al.(2020), Zhang et al.(2023), Zhu et al.(2022)],
such as sparse integers in {16, 32, 64, 128}, we select hidden
dimensions from a fine-grained set of consecutive integers
ranging from 4 to 32, resulting in a significantly expanded
but more flexible search space. The fine-grained architecture
search space allows Drs.NAS to better balance the trade-off
between model predictive performance and computational
efficiency on different benchmarks.

Furthermore, we conduct the architecture search experi-
ments based on two different search space configurations,
following the definition in NASRec [Zhang et al.(2023)]. The
“Search space - Small” includes two dense operators (FC and

Dot-Product) and one sparse operator (Embedded FC), while
the full search space, indicated as “Search space - Full”, con-
sists of all four dense operators and two sparse operators men-
tioned in Sec. 3.3. Both “Search space - Small” and “Search
space - Full” search spaces include the dense-to-sparse and
sparse-to-dense feature fusion operators.

All the Drs.NAS architecture search processes are con-
ducted on an AMD Ryzen 5975WX CPU. After Drs.NAS pro-
duces the optimal DRS architectures, we evaluate these ar-
chitectures on an NVIDIA A6000 GPU to validate the per-
formance of the resulting models across different benchmark
datasets and architecture search configurations.

5 Evaluation

Based on our experimental setup, we investigate the following
key research questions (RQs). Specifically, we explore:

• RQ1: How much improvement does Drs.NAS provide in
the search efficiency and search cost compared with the
SOTA NAS baseline approaches [Gao et al.(2021), Song
et al.(2020), Zhu et al.(2022), Zhang et al.(2023)]?

• RQ2: How much improvement in predictive perfor-
mance do Drs.NAS searched architectures provide
compared with handcrafted [Guo et al.(2017), Song
et al.(2019), Naumov et al.(2019)] and NAS baselines
across different benchmarks?

• RQ3: How much improvement in computational and
memory efficiency do Drs.NAS searched architectures
provide compared with handcrafted and NAS baselines
across different benchmarks?

Furthermore, we investigate:

• RQ4: How consistent and robust are the Drs.NAS
searched architectures under different search space con-
figurations and hyperparameter selections, from both the
performance and efficiency perspectives?

5.1 Search Efficiency Evaluation
Answering RQ1: Drs.NAS presents an ultra-efficient
search procedure compared with SOTA NAS approaches
by providing up to 692↑ faster NAS process, reducing
search cost from GPU-hours to CPU-minutes.

As indicated in Tab. 1, Drs.NAS outperforms all the NAS
baselines in the search efficiency. In particular, compared with
SOTA NAS approaches including PROFIT [Gao et al.(2021)],
AutoCTR [Song et al.(2020)], NAS-CTR [Zhu et al.(2022)],
and NASRec [Zhang et al.(2023)], Drs.NAS achieves 461↑,
692↑, 193↑ and 230↑ search time reduction, averaged over
three benchmark datasets.
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(a) Criteo (b) Avazu (c) KDD

Figure 3: The optimization curve of loss LA (✁) and the AUC score curve (✂) of corresponding candidate architecture during
Drs.NAS architecture search process across three benchmarks.

Meanwhile, Drs.NAS requires substantially less computa-
tional resources for architecture search. Prior NAS approaches
involved the supernet training and fine-tuning procedure of
candidate architectures that required significant computation
and GPU memory. For instance, NASRec [Zhang et al.(2023)]
utilizes over 16 GB of GPU memory for the supernet training
and more than 20 GB for the NAS process on the KDD bench-
mark. In contrast, Drs.NAS performs the NAS process on a
commodity CPU only, without GPU acceleration, denoting a
dramatic reduction in memory usage and computational cost.

According to our analysis, the improved efficiency of
Drs.NAS can be attributed to the superproxy-based perfor-
mance estimation, which eliminates the requirement for mas-
sive training of the supernet and iterative training and val-
idation of candidate architectures [Zhang et al.(2023)]. As
a result, Drs.NAS utilizes the superproxies as performance
indicators to guide the selection of candidate architectures
by minimizing the architecture search loss and significantly
reducing the architecture search costs.

Furthermore, we visualize the optimization curve of archi-
tecture search loss in Drs.NAS and the corresponding perfor-
mance of candidate architectures, as illustrated in Fig. 3(a)
to Fig. 3(c). Here we select the learning rate of 0.02 and
model depth D = 9 in this case study. Six milestone itera-
tions {50,100,500,1000,5000,10000} are selected to evalu-
ate both the architecture search loss LA and the AUC score of
the corresponding candidate architectures. Notably, at early
iterations, the AUC scores remain low across different bench-
marks, as the initial architectures are randomly sampled from
the search space without optimization. As composite loss de-
creases across optimization steps, the validation AUC of can-
didate architectures exhibits monotonic improvement. These
evaluation results provide potential support for the effective-
ness of the gradient-based search in Drs.NAS.

5.2 Model Predictive Performance Evaluation
Answering RQ2: Drs.NAS demonstrates on par or even
superior predictive performance compared with the SOTA
NAS baselines, across three widely adopted benchmarks.

The performance evaluation of various DRS is presented

in Fig. 4(a) to Fig. 4(f). In our experiment, we compare the
Log Loss and AUC score of Drs.NAS searched architectures
with mainstream handcrafted and SOTA NAS approaches.

In CTR prediction tasks, a 0.001-level improvement in
AUC or Log Loss can lead to a substantial impact on the over-
all performance [Zhu et al.(2022), Song et al.(2020)]. In par-
ticular, Drs.NAS searched architectures consistently achieve
better predictive performance than the mainstream hand-
crafted baselines [Guo et al.(2017),Song et al.(2019),Naumov
et al.(2019)] and achieve 0.0028, 0.0078, and 0.0046 of aver-
aged Log Loss reduction on the Criteo, Avazu, and KDD
benchmark datasets, respectively. Furthermore, across the
SOTA NAS approaches [Gao et al.(2021), Song et al.(2020),
Zhu et al.(2022), Zhang et al.(2023)], Drs.NAS achieves com-
petitive Log Loss, with 0.0011, 0.0022, and 0.0026 averaged
Log Loss reduction on the three benchmarks, respectively.

Meanwhile, regarding the AUC score, Drs.NAS achieves
better predictive performance than all the mainstream hand-
crafted baselines by achieving 0.0022, 0.0137, and 0.0211
averaged AUC score improvements on the three bench-
mark datasets. Furthermore, Drs.NAS searched architectures
achieve 0.0004, 0.0043, and 0.0121 of averaged AUC score
improvements over the SOTA NAS baselines, on the three
benchmarks, respectively. Our experimental results show the
effectiveness of Drs.NAS in discovering the high-performing
architectures for DRS.

5.3 Model Efficiency Evaluation
Answering RQ3: Drs.NAS searched architectures demon-
strate substantial efficiency improvements in both com-
putation and memory compared to SOTA NAS baselines,
achieving, on average, 34.9↑ smaller model size and 14.7↑
fewer #FLOPs across three benchmarks.

The evaluation results of inference costs are illustrated in
Fig. 4(g) to Fig. 4(l). In this section, we compare the #Params
and #FLOPs of the optimal architectures with handcrafted and
NAS baselines to comprehensively evaluate the memory and
computational efficiency of Drs.NAS searched architectures.

Based on the experimental results, Drs.NAS consistently
achieves better memory and computational efficiency than the
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(a) Log Loss@Criteo (b) Log Loss@Avazu (c) Log Loss@KDD

(d) AUC@Criteo (e) AUC@Avazu (f) AUC@KDD

(g) #Params@Criteo (h) #Params@Avazu (i) #Params@KDD

(j) #FLOPs@Criteo (k) #FLOPs@Avazu (l) #FLOPs@KDD

Figure 4: Evaluation of the optimal architecture searched by Drs.NAS against handcrafted and NAS baselines on three benchmarks,
based on Log Loss (↓), AUC score (↔), #Params (↓), and #FLOPs (↓).

baselines across all benchmarks. For the evaluation of model
efficiency, we focus primarily on the DRS architectures and
exclude the parameters in embedding tables for a fair com-
parison, following previous works [Song et al.(2020), Zhu
et al.(2022), Zhang et al.(2023)]. On average, compared with
handcrafted baselines [Guo et al.(2017), Song et al.(2019),
Naumov et al.(2019)], Drs.NAS reduces the #Params by
131.6↑, 80.5↑, and 112.9↑ on the three benchmarks. Ad-
ditionally, compared with the SOTA NAS baselines [Gao
et al.(2021), Song et al.(2020), Zhu et al.(2022), Zhang
et al.(2023)], Drs.NAS achieves 54.8↑, 36.7↑, and 13.3↑ av-

eraged #Params reduction across all NAS baselines on Criteo,
Avazu, and KDD benchmarks, respectively. In parallel, for
computational efficiency, Drs.NAS provides 111.1↑, 62.5↑,
and 92.8↑ averaged #FLOPs reduction across the handcrafted
baselines, and 25.2↑, 10.2↑, and 8.7↑ averaged #FLOPs re-
duction across the NAS baselines, on the three benchmark
datasets, respectively.

Our analysis attributes the significant improvement to the
cooperation between the fine-grained search space design
and the cost-aware optimization. Different from conventional
NAS approaches [Song et al.(2020), Zhang et al.(2023)]
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that utilize coarse-grained hidden dimension configurations,
Drs.NAS employs a low-value range but high-granularity def-
inition based on consecutive integers, enabling an expanded
search space with reduced hidden dimension and model size.
In the meantime, we incorporate the computational over-
head as part of the composite loss function, which allows
Drs.NAS to discover optimal architectures with reduced com-
putational overhead.

Table 3: Comparison of inference time (µs) for optimal ar-
chitectures searched by Drs.NAS and SOTA approach NAS-
Rec [Zhang et al.(2023)] across three benchmarks and two
search space configurations.

Model Criteo Avazu KDD
GPU/CPU GPU/CPU GPU/CPU

NASRec - Small 4.96/43.26 3.78/44.15 2.47/53.94
NASRec - Full 8.18/86.36 5.99/69.36 6.19/76.42

Drs.NAS - Small 4.69/19.72 3.44/20.33 1.84/18.56
Drs.NAS - Full 5.21/25.92 3.98/24.91 4.06/33.25

Additionally, we evaluate the inference time of DRS mod-
els using Drs.NAS searched architectures based on both
GPU and CPU devices, compared with the SOTA NAS base-
line [Zhang et al.(2023)]. We select the same model depth,
D = 7, for a fair comparison. The inference time evaluation,
reported in microseconds (µs), is presented in Tab. 3. We eval-
uate the inference time per sample, and each measurement is
repeated three times to mitigate variance and experimental
bias. On average, Drs.NAS searched architectures achieve
60.8% reduction in CPU inference time and 24% inference
time reduction on GPU across three benchmarks and two dif-
ferent search space configurations. These results indicate that
the decrease in #FLOPs obtained by Drs.NAS can consistently
convert to lower inference latency for the DRS deployment
on both hardware platforms.

5.4 Ablation Study
Answering RQ4: Drs.NAS demonstrates robustness across
diverse architecture search configurations, consistently
discovering high-performing and efficient architectures.
Different configurations enable distinct design choices and
performance-efficiency trade-offs.

To evaluate the configurable components in the Drs.NAS ar-
chitecture search process, we conduct comprehensive abla-
tion studies to explore the robustness of Drs.NAS, defined
by the consistency of the performance and efficiency across
different searched architectures. In our ablation study, we se-
lect different model depths, learning rates, and search space
configurations to systematically investigate the robustness of
Drs.NAS searched architectures. Meanwhile, we measure the
coefficient of variation (CV) for different performance and
efficiency metrics to evaluate the robustness of Drs.NAS.

Takeaway 1: Drs.NAS is robust to model depth and can
consistently discover efficient architectures across various
model complexities.

We investigate the impact of model depth D. Here we
mainly focus on the AUC scores since the #FLOPs and
#Params will naturally increase with greater model depth.
The evaluation results are illustrated in Fig. 5(a) to Fig. 5(c).
We compute the CV of the AUC scores across different model
depths. The evaluation results indicate that Drs.NAS searched
architectures exhibit the CV of 0.0002, 0.0006, and 0.0004
on various benchmarks, indicating significant robustness in
model predictive performance across different model depths.

We can observe that optimal model depth varies across
benchmarks. For instance, on the Avazu benchmark, the archi-
tecture searched by Drs.NAS achieves the highest averaged
AUC at model depth D = 9, and on the Criteo and KDD
benchmarks, the optimal depth is D = 7. Notably, even at
model depth D = 9, the optimal architecture achieves supe-
rior efficiency compared to prior NAS baselines.
Takeaway 2: Lower learning rates during architecture
search tend to yield architectures with improved predic-
tive performance.

Meanwhile, we examine the impact of different learning
rates within the gradient-based search process. The evaluation
results are presented in Fig. 5(d) to Fig. 5(f). Specifically, we
observe that the optimal architecture is searched with a lower
learning rate, such as 0.02 and 0.05. In particular, we compare
the averaged AUC scores of Drs.NAS searched architectures
across all three benchmarks, and the lower learning rates (0.02
and 0.05) achieve 0.02%, 0.05%, and 0.03% higher averaged
AUC scores than the higher learning rates (0.2 and 0.5).

We evaluate the CV on both #FLOPs and #Params of differ-
ent optimal architectures, and the inference costs remain sta-
ble over varying learning rates. The averaged CVs of #FLOPs
and #Params are 0.05 and 0.02 over three benchmarks, which
denotes the robustness of Drs.NAS in architecture search. Ad-
ditionally, we notice that the improvement in performance
does not significantly influence the computational or mem-
ory efficiency. We hypothesize that higher learning rates may
overshoot the sweet spot in the search space, resulting in sub-
optimal architectures. In contrast, lower learning rates enable
a finer search process and discover architectures with im-
proved performance, without introducing extra computational
and memory overhead.
Takeaway 3: Different search space configurations induce
trade-offs in Drs.NAS searched architectures between pre-
dictive performance and computational efficiency.

In addition, we evaluate and compare the computational
efficiency of Drs.NAS searched architectures based on the
“Search space - Small” and “Search space - Full” search
space configurations, as discussed in Sec. 4.2. As indicated
in Fig. 5(g) to Fig. 5(i), the experimental results show that
Drs.NAS searched architectures demonstrate clear trade-offs
between performance and efficiency depending on the search
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spaces. Specifically, the optimal architectures searched from
“Search space - Small” achieve higher AUC scores, and mod-
els discovered from “Search space - Full” exhibit reduced
#Params and #FLOPs.

In this ablation study, consistent with the NASRec ap-
proach, we fix the model depth D = 7 and utilize the lower
learning rate in {0.02, 0.05}. According to our analysis, the ar-
chitecture searched in “Search space - Small” achieves 0.17%,
0.33%, and 0.1% higher averaged AUC scores, while models
from “Search space - Full” search space induce 56%, 58%,
and 64% #Params reduction and 17%, 21%, and 14% #FLOPs
reduction across the Criteo, Avazu, and KDD benchmarks,
respectively. On average, the CVs of AUC scores, #FLOPs,
and #Params are 0.0005, 0.05, and 0.02 across different search

spaces and varying benchmarks, indicating noticeable robust-
ness of Drs.NAS in architecture search.

We hypothesize that “Search space - Full” includes an ex-
panded operator set, which allows Drs.NAS to bypass the
computationally expensive operators, such as FC, leading
to more efficient architectures. This high efficiency may
trade off the predictive performance, because the overhead-
relevant proxies, such as #Params and #FLOPs, are correlated
with the model predictive performance [Li et al.(2023), Lin
et al.(2020)]. This phenomenon can potentially support the
effectiveness of Drs.NAS on balancing the performance and
efficiency of candidate architectures.

Furthermore, the searched architectures with higher
#Params or #FLOPs, when used as the sole selection crite-

(a) Criteo - Model depth (b) Avazu - Model depth (c) KDD - Model depth

(d) Criteo - Learning rate (e) Avazu - Learning rate (f) KDD - Learning rate

(g) Criteo - Search space (h) Avazu - Search space (i) KDD - Search space

Figure 5: Ablation study on the (1) model depth, (2) learning rate selection, and (3) search space configuration in Drs.NAS, based
on averaged AUC score, #FLOPs, and #Params across different benchmarks.
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rion, do not consistently achieve better predictive performance
across different model depths, learning rates, and search space
configurations. This is consistent with prior findings [Huang
et al.(2024), Cortês et al.(2025)] that individual proxies, such
as #Params and #FLOPs, are insufficient to indicate model
performance reliably. More importantly, this observation val-
idates the superproxy rather than relying on a single proxy
alone as the performance indicator. In particular, the consis-
tent performance and efficiency of Drs.NAS searched archi-
tectures across all configurations indicate that the ensemble
design of the superproxy captures more reliable optimization
signals than individual proxies.

6 Discussion

The key idea of Drs.NAS is the superproxy, which comprises
seven zero-cost proxies and serves as a composite indica-
tor for predictive performance and architectural efficiency.
While extensively validated in the DRS context, it is unclear
how the strategy scales to different model families and appli-
cation domains (e.g., LLMs) [Abdelfattah et al.(2021), Yang
et al.(2025),Cortês et al.(2025)]. An important direction of our
future work is to systematically characterize the boundary con-
ditions under which Drs.NAS remains reliable through eval-
uation across more diverse search spaces and cross-domain
applications, enabling a comprehensive evaluation of the gen-
eralizability and robustness of Drs.NAS.

7 Conclusion

In this work, we presented Drs.NAS, an ultra-efficient NAS
framework for DRS. Unlike conventional NAS approaches
that rely on computationally expensive training and validation
during search, Drs.NAS introduces the novel superproxy met-
ric, enabling rapid architecture exploration within minutes on
CPUs. By integrating superproxy into a composite loss func-
tion, Drs.NAS co-optimizes predictive performance and effi-
ciency and produces architectures that are high-performing,
computation- and memory-efficient. Extensive evaluations on
widely used recommendation benchmarks demonstrate that
Drs.NAS achieves drastic efficiency improvements—reducing
search costs by nearly three orders of magnitude and lower-
ing model size and FLOPs by averages of 34.9↑ and 14.7↑,
respectively, compared with SOTA NAS baselines—while de-
livering on par or superior predictive performance compared
to SOTA NAS and mainstream handcrafted baselines.
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